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Abstract 

Human-caused wildfires are controlled by human and natural influences, and determining 

the key drivers is critical for wildfire ecology and management. I examined an array of 

variables to determine the constraints on contemporary human-caused wildfire ignitions 

among fire-prone biogeoclimatic zones of British Columbia (BC). Fires in zones with high 

human development were strongly controlled by biophysical variables explaining 

conditions conducive to burning, while fires in remote zones were controlled by metrics of 

human activity. A coarse metric representing wildland-urban interface (WUI – areas of 

urban development intermingled with wildlands) was a key factor explaining human-

caused ignitions, but fails to capture non-residential human development. I developed a 

simple-but-accurate method to map an area I define as the wildland-development interface 

(WDI). The WDI characterizes a broad class of human development intermingled with 

wildlands across BC. The WDI explains more variability in human-caused fire than does 

WUI, and quantifies a new geography of the human-fire interface. 

Keywords:  wildfire; human-caused ignitions; wildland-urban interface; varying 
constraints; human development  
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Chapter 1.  
 
Introduction 

Wildfire is a complex landscape disturbance critical for maintaining many 

ecological processes but also a potential hazard to human communities. Wildfires can 

affect the establishment and persistence of plant and animal communities through 

variations in fire regime, including fire frequency and severity (Burton et al. 2008). 

However, if wildfires become uncontrollable and spread to housing or other human 

developments the consequences can include potential losses to life and built structures 

(Whittaker and Handmer 2010, Goemans and Ballamingie 2013). Fire ecologists and 

managers need to find a balance between restoring and maintaining fire’s natural role in 

ecosystems, and mitigating fire risk to nearby communities. This requires research into 

the constraints of contemporary human-caused wildfire and patterns of human 

development.  

Arguably the most direct human-fire interaction is the human-caused wildfire. 

Globally, human-caused ignitions outnumber fires ignited by natural causes (Whelan 

1995), with a predicted increase of human-caused fire frequency in many regions of 

western North America as a result of climate change (Flannigan et al. 2009) and an 

expansion of housing settlements (Hammer et al. 2007). Effective fire management and 

risk analysis are contingent upon identifying the main human and biophysical influences 

involved in the human-caused ignition process. Previous research has identified and 

quantified some of the key anthropogenic influences associated with spatial and temporal 

patterns of human-caused ignitions; these include measures for human activity such as 

road density, proximity to urban development (Cardille et al. 2001, Syphard et al. 2007), 

and recreational activities (Pew and Larsen 2001). Alongside the human influences, 

biophysical variables such as mean summer temperature, summer precipitation and the 

presence of fuel loads (Syphard et al. 2008, Magnussen and Taylor 2012) contribute to 



 

2 

quantifying the ‘niche’ of human-caused fire. Human use of fire for land management is 

documented in the past and in recent time, however my research focuses on non-

prescriptive human-caused fires in a contemporary fire regime as its own socioecological 

phenomenon.  

A clear conceptual framework is needed to guide an examination of key variables 

driving human-caused fire, and how they vary across a gradient of human and biophysical 

variables. This framework could allow us to understand and synthesize information on the 

differences in drivers of fire among ecosystems. Recent work examining spatially varying 

constraints on wildfire on a global scale (Meyn et al. 2007, Krawchuk and Moritz 2011) 

gives us a useful template to consider for thinking about drivers of human-caused fire. The 

varying constraints hypothesis, outlined in Krawchuk and Moritz (2011), is used to 

examine how key variables explaining fire occurrence vary spatially, depending on 

whether fire in an ecosystem is considered to be limited by the availability of fuels 

(resources, primary productivity) or fire weather conditions (climate and weather). In the 

case of human-caused fire, there are likely spatial patterns in the explanatory strength of 

the human footprint on human-caused fire that would be revealed by comparison among 

ecosystems with different biophysical and human-development characteristics. 

The edge of urban development, often referred to as the wildland-urban interface 

(WUI), outlines a key region for human-fire interactions. The WUI, defined here as an area 

where urban development interacts and intermingles with wildland vegetation (CIFFC 

2003, Radeloff et al. 2005) was originally described to target fuel treatment for areas that 

have a high probability of housing loss from catastrophic wildfire.  Housing, or more 

broadly structure loss, is expected to increase in the future in the western United States 

as a result of suburban sprawl (Syphard et al. 2006, 2012, Hammer et al. 2007) and 

climate change (Westerling et al. 2011).  However, the WUI is also strongly associated 

with the frequency of human-caused ignitions (Bar-Massada et al. 2014). Whether thinking 

about the WUI for targeting fuel treatments or modelling human-caused ignitions, 

characterizing or mapping the WUI is an important element required for understanding 

contemporary human-fire interactions.  
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My research aims to investigate two broad aspects of emerging and critical human-

fire interactions in British Columbia (BC): (1) the drivers and constraints of human-caused 

ignitions across the province, with a novel examination of spatial variability among 

ecosystems (Chapter 2), and (2) the development and mapping of an extension of the 

classic WUI metric, to incorporate non-residential structures that both are of high value 

and need fuel treatment, and may contribute to patterns of human-caused wildfire ignition 

(Chapter 3).  

In Chapter 2, I examine socioecological drivers of human-caused ignitions using 

statistical models. I measure the relative importance of an array of human variables across 

fire-prone ecosystems of BC that represent presence of ignition sources and specific land 

use patterns, as well as biophysical variables that represent conducive climatic conditions 

and resources to burn. I use BC’s primary ecoregion classification, the Biogeoclimatic 

Ecosystem Classification (BEC) zones, to represent ecosystem types. The goal is to 

develop an understanding of where human-caused ignitions are limited by different 

aspects of the fire regime triangle: conducive fire conditions, fuel to burn, or presence of 

ignition sources. In Chapter 3, I develop and map the wildland-development interface 

(WDI), an area where residential and non-residential human development interacts and 

intermixes with wildland vegetation, as an extension of the WUI. The WDI mapping uses 

remotely-sensed datasets on a standard spatial scale that avoids biased estimates that 

occur when zonal methods, common for delineating the WUI, are applied in regions with 

large census blocks. I map the WDI using cross-walked definitions of previously mapped 

WUI products, and compare the accuracy using a collection of imagery from Google Earth 

Pro to validate areas of human development and sufficient wildland vegetation to burn.   
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Chapter 2.  
 
Spatial controls of human-caused wildfire ignitions 
among ecosystems in British Columbia 

2.1. Introduction 

Human-caused wildfires can be a major threat to ecological systems, housing 

developments and valuable natural resources, with high associated costs. Fires, including 

human-caused fires, threaten old growth forests in British Columbia (BC), Canada, that 

act as prime wintering habitat for caribou (Rangifer tarandus caribou) (Hansen et al. 2001).  

Human-caused fires are also problematic for fire suppression as these fires are frequently 

in close proximity to housing developments (Bar-Massada et al. 2014) and can destroy 

homes and force mandatory evacuations. For a typical year in BC, Canada, 40% of 

wildfires are human-caused and some of these events are costly; for example, the 

cigarette-ignited 2003 McLure Fire that cost over $30 million to suppress, and caused over 

$8.2 million in damages to private property (BC Wildfire Serivce 2015). As a result of 

climate change and sprawling human development, human-caused fire frequency is 

expected to increase in many parts of BC and the world (Hammer et al. 2007, Flannigan 

et al. 2009). To develop effective conservation and fire management practices in BC, 

researchers and managers need to understand the underlying human forces influencing 

the contemporary fire regime. 

Human-caused fires occur as a function of key underlying influences. Three factors 

are required for a human-caused wildfire to occur, which represent the axes of the fire 

regime triangle (Moritz et al. 2005): (1) the presence of an ignition source, (2) the presence 

of wildland fuel, and a structure that supports ignition and spread, and (3) the 

environmental conditions that support burning of those fuels. Human-caused ignitions 

tend to cluster in certain areas, such as the wildland-urban interface (WUI; Radeloff and 

Hammer 2005, Bar-Massada et al. 2014, CIFFC 2003), defined here as areas where 

urban development intermingles with wildland vegetation. In the WUI, wildland fuels 

overlap with an abundance of potential ignition sources leading to high human-caused fire 



 

5 

frequency. Human-caused ignitions are limited to where people come in contact with 

flammable fuels and evidence shows that transportation corridors, specifically roads, are 

good predictors of human-caused ignitions (Cardille et al. 2001, Narayanaraj and 

Wimberly 2012). Roads are thought to be a proxy for ignition agents such as discarded 

cigarettes or sparks released from dragging automobile parts (Narayanaraj and Wimberly 

2012). Recreational sites and trails can also be a major source of human-caused ignitions 

as hiking and camping often include the building of a campfire that has the potential to 

spark and grow as a wildfire if left unattended (Pew and Larsen 2001, Reid and Marion 

2005).  

Humans can affect the occurrence of fire by changing fuel availability and 

microclimates conducive for burning. For instance land use practices such as logging alter 

the levels of flammable biomass and have been associated with changes in ignition 

probabilities. Logging alters natural fuel loads by mechanically removing trees 

(Lindenmayer et al. 2009, Naficy et al. 2010), and leaving dry-dead slash on the ground. 

The change in fuel loads can affect ignitability, as changes in the structure and 

configuration of biomass alter fuel characteristics (Stocks and Walker 1972, Lindenmayer 

et al. 2009). The environmental conditions that support burning, the final requirement for 

a human-caused ignition, can also be altered by human activity, most specifically logging. 

Logged forests have their canopy opened and there is an increase in solar insolation on 

a microclimate scale that has been associated with increases in human- and lightning-

caused fire frequency (Zimmerman and Neuenschwander 1984, Weber et al. 2004). 

Quantifying associations between land use and fire will improve our understanding of 

human-fire interactions in BC. 

Numerous studies have analyzed spatial ignition patterns of wildfire in BC based 

on a variety of human and environmental variables at different spatial and temporal scales. 

Magnussen and Taylor (2012) developed statistical models at a 20km spatial resolution 

to predict daily human- and lightning-caused ignitions across BC. These models included 

variables for human influence, however, little effect was found, potentially because the 

models of daily ignition used metrics of road and population density that did not vary on a 

daily timeframe, whereas other variables, such as weather, represented daily values, 

leading to a potential temporal scale mismatch in the data. In a brief report, Taylor et al. 
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(2005) developed logistic regression models of wildfire at a 400m spatial resolution and 

30-year temporal resolution to predict fire probability separately for BC’s six fire centre 

regions. Human- and lightning-caused fires were grouped together, which potentially blurs 

the relationships of key drivers that act independently, or uniquely, for each fire cause. 

Population and road density provided significant explanatory power for the ‘all fires’ 

models however the polarity of relationships varied among fire centre regions. In BC, fire 

centre regions contain substantial geographic variability. For example, a single fire centre 

region in the northeast section of the province covers over 330 000 km2, and varies from 

cold moist boreal forest, to treeless alpine tundra, to dry coniferous forests in the central 

interior plateau. Conducting analysis using administrative boundaries, such as BC’s fire 

centre regions, has the potential to mask key drivers of wildfire ignitions, as we would 

expect controls of fire to vary based on human development and ecosystem 

characteristics, not administrative ones.  

Fire regimes in different ecosystems are constrained by different limiting factors in 

the ignition process. Krawchuk and Moritz (2011) propose the varying constraints 

hypothesis that outlines the heterogeneity of key limiting factors for fire based on 

ecosystems and a gradient of their associated biophysical variables. For example, the 

varying constraints hypothesis predicts that in areas where resource availability is high, 

fuel moisture conditions will act as the dominant constraint on fire activity, as conducive 

fire conditions are the main limiting factor in the ecosystem. In the context of BC, we see 

relatively hot and dry summers in the province’s rain-shadowed areas that contribute to a 

fire environment highly prone to wildfire ignition. These areas also have dense clusters of 

human development and so an abundance of potential human ignition sources lead to 

accidental ignitions and high frequency of human-caused fire. In contrast, vast remote 

regions of the cold, moist boreal forest have fewer human-caused fires (Wong et al. 2004) 

that are limited by different human and biophysical influences. Here, I extend the varying 

constraints hypothesis to the human realm to examine the difference in how human-

natural systems vary in predictable patterns and in their constraints on human-caused 

ignitions.  

Evidence of the human role in contemporary wildfire occurrence underscores the 

need for research into human-fire interactions to understand how and why human-caused 
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fire occurrence varies spatially. Here, I examine the relative contribution of human activity 

on patterns of human-caused fire ignition among BC’s Biogeoclimatic Ecosystem 

Classification (BEC) zones, the primary system of ecosystem classification for the 

province. Specifically, my work focuses on the development of statistical regression 

models, with comparison and interpretation of spatial patterns and drivers of human-

caused fire across gradients of climate, vegetation and human activity. My main objectives 

were threefold, to determine: (1) what human influence and biophysical variables affect 

human-caused wildfire ignition patterns, and how these variables differ among BEC 

zones, (2) what human influence variables are most influential, i.e. have the largest effect 

sizes, in driving human-caused fire frequency, and (3) where human activity affects fire 

frequency most prominently, i.e. in which BEC zones are human influence variables most 

important? I used an array of human influence and biophysical variables, including a 

metric of wildland-urban interface (WUI), to account for the multiple constraints governing 

the fire ignition process to develop generalized linear models at a 10km spatial resolution 

for the 24-year time period, 1990-2013. With this work, I aim to advance the understanding 

of human-fire relationships in BC to contribute to wildfire management strategies for both 

the present and a future where the state of human-caused wildfires might be exacerbated 

due to climate change and the expanding wildland-urban interface.  

2.2. Methods 

2.2.1. Study Area 

My study area is a large section of British Columbia (BC), the westernmost 

province of Canada, with an area of ~950,000 km2. The province of BC is highly variable 

in temperature, precipitation, and topography, resulting in a range of ecosystems. The 

proximity to the Pacific Ocean and variation in topography are the major determinants of 

climate in BC (Meidinger and Pojar 1991). The wettest regions of the province are on the 

coasts of BC, specifically on the windward slopes of mainland Coastal Mountains, 

Vancouver Island and Haida Gwaii. Moisture-laden air from the Pacific Ocean releases 

precipitation as air parcels are forced up mountains, leading to a general west-east 

gradient of precipitation (Meyn et al. 2012). The driest climates of BC are formed in the 
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expansive rainshadow formed by the Coastal Mountain, though pockets of moisture are 

generated as air parcels are forced up the Columbia, Skeen, Omineca, Cassiar  and Rocky 

Mountains (Meidinger and Pojar 1991). The topographic and environmental heterogeneity 

produces temperate rainforests near the Pacific coasts, dry forests, shrublands and 

grasslands in the southern interior, and a portion of the Canadian boreal forest in the 

northeast. Land managers and scientists in the province use the Biogeoclimatic 

Ecosystem Classification (BEC) system to identify 16 unique ecosystems based on soil, 

vegetation and topographic properties (Meidinger and Pojar 1991), which yield distinct fire 

regimes (Wong et al. 2004).  

For the purposes of this study, I focused on eight BEC zones that represent the 

range of where the bulk of human development occurs in the province, specifically coastal 

areas, the dry southern interior, sub-boreal regions, and the boreal forest. I combined 

three BEC zones, the Ponderosa Pine, Bunchgrass and Interior Douglas-fir zones, as they 

neighbour each other and have similar natural disturbance dynamics (Wong et al. 2004) 

resulting in six zones for analyses. The combined zones in the fire-prone southern interior 

boosted the sample size for model development since two of the three cover relatively 

small areas. The study regions correspond to the following BEC zones (Figure 2.1): Boreal 

White Black Spruce (hereafter BWBS), Coastal Western Hemlock (CWH), Interior Cedar-

Hemlock (ICH), Ponderosa Pine + Bunchgrass + Interior Douglas-fir (PPBGIDF), Sub-

Boreal Pine-Spruce (SBPS), and Sub-Boreal Spruce (SBS). I excluded the largely 

uninhabited alpine regions such as Boreal Altai Fescue Alpine, Coastal Mountain-heather 

Alpine, Interior Mountain-heather Alpine, Mountain Hemlock, and the high elevation 

forests of Engelmann Spruce – Subalpine Fir. I also excluded the Coastal Douglas-fir, as 

the sample size of fires was too low for robust statistics.  

The six BEC zones or zone groups used in this study, which comprise of 53.29% 

of the province, exhibit distinct human and environmental heterogeneity. Most housing 

development is near BC’s southern border particularly in the temperate coniferous forests 

along the Pacific Ocean and on Vancouver Island. Natural resource extraction such as 

logging or oil and gas exploration and extraction, result in small resource communities in 

more remote regions of the province. The BWBS zone has the largest area of the study, 

covering BC’s section of Canada’s vast boreal forests (Wong et al. 2004). The summers 
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are short but warm, and receive moderate levels of precipitation with some longitudinal 

variation. The BWBS zone is one of the least inhabited zones, although several First 

Nations communities and communities based around natural resource extraction are 

found here. The CWH zone occupies BC’s Pacific coastline on the windward side of the 

Coastal Mountain range, where mountains force moisture-laden air to precipitate leading 

to the highest levels of precipitation in the province and supporting BC’s temperate 

rainforest ecosystem (Pojar et al. 1987). There is strong clustering of human development 

in the southern section of the CWH zone, as metropolitan Vancouver is a provincial centre 

of commerce, government and culture. The ICH zone occupies the wettest region of the 

interior, as the bulk of the zone is on the windward side of the Columbia Mountains (Wong 

et al. 2004). The summers are typically warm and dry, though in comparison to other 

interior regions, it receives notably more precipitation. Human development, like in many 

zones, is concentrated in the south in cities like Nelson and Trail, though the zone is 

sparsely populated with medium-sized towns and cities throughout. The PPBGIDF zone 

is in the southern rain shadow of BC’s Coastal Mountains, causing the zone to be the 

hottest and driest of all zones during the summer (Pojar et al. 1987). The desirable 

summer temperatures and prominent natural resources result in relatively high human 

footprint, dominated by tourism, agriculture, and forestry. The PPBGIDF zone includes the 

economic centre of BC’s interior with cities like Kamloops and Kelowna, the latter being 

the third largest city in the province. The SBPS zone occupies the high plateaus of the 

sub-boreal interior (Wong et al. 2004). The rain shadow results in dry conditions almost 

year round, making it the second driest region in the study (Wong et al. 2004). It also has 

the coldest summer temperatures. The climate limits agriculture and forestry and there 

are relatively few residential developments. There are some small communities and 

resource towns, like Anahim Lake; however, no major towns exist in the SBPS zone. The 

SBS zone neighbours the SBPS zone to the east and north, and has a slightly warmer 

temperature and more precipitation (Meidinger and Pojar 1991). The SBS zone is an 

important forestry hub for the province, spawning many resource communities and major 

population centres, the biggest being Prince George. 
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2.2.2. Data compilation and analysis 

I developed generalized linear models (GLMs) to model human-caused fire ignition 

counts against a set of human influence and biophysical variables (Table 2.1) shown to 

be associated with the three requirements for the ignition process: (1) the presence of an 

anthropogenic ignition source, (2) fuel structure for a fire to spread, and (3) the conditions 

that support burning of those fuels. Data for statistical models were collected at a 10km 

by 10km resolution, resulting in 9432 sample cells across BC capturing fire activity over a 

24-year time period, between 1990 and 2013. 

 

Figure 2.1. Map of the British Columbia's Biogeoclimatic Zones used in the 
study with associated pictures of the region. 
The location of British Columbia, in western Canada, is shown as inset top right. 
A digital elevation model displays the topographical variation in the province. The 
legend uses the following abbreviations for  ecosystem zones: BWBS = Boreal 
White Black Spruce; CWH = Coastal Western Hemlock; ICH= Interior Cedar-
Hemlock; PPBGIDF = Ponderosa Pine + Bunchgrass + Interior Douglas-fir; 
SBPS = Sub-Boreal Pine-Spruce; SBS = Sub-Boreal Spruce. BWBS picture from 
Wikipedia, web 3 Nov 2015. CWH picture from Wikipedia, web 3 Nov 2015. ICH 
picture from Wikipedia, web 3 Nov 2015. , PPBGIDF picture from Wikipedia, web 
3 Nov 2015. SBPS picture from SFU Geography, web, 3 Nov 2015. SBS picture 
from Wikipedia, web, 3 Nov 2015. 

I chose the spatial and temporal resolution as a trade-off between choosing an area that 

is able to capture variability of the drivers of the fire ignition process, while generating a 
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large enough sample size to produce robust models. For each cell, I extracted counts of 

human-caused fire occurrence, as well as human influence and biophysical variables from 

existing datasets. Sample grids were assigned to respective BEC zones by using 

maximum area tools in ArcGIS 10.1 (ESRI 2013). All data processing was done in ArcGIS 

10.1 and data analysis was completed in the R statistical package (R Core Team 2013). 

Response variable 

My response variable for the GLMs was a count metric of the number of human-

caused fire ignitions per 100km2 over the 24-year study period (Appendix A). I selected 

the 24-year study period to represent an era when data collection methods were relatively 

consistent and that reflects a contemporary fire regime. Wildfire incident location data for 

BC were obtained from the MFLNRO BC Wildfire Service fire database (BC Wildfire 

Service 2013). The data represent spatially explicit wildfire ignition points determined with 

multiple verification methods, including fire lookout stations, and aerial and ground 

surveys. I summed the number of human-caused ignition points for each 100km2 sampling 

grid using the Geospatial Modelling Environment (GME) tools (Beyer 2012).  

Explanatory variables - Human Influence 

Linear features: paved and unpaved roads, trails. 

Distance-to-roads and road density have been used in previous studies of human-

caused fire as strong indicators of human development and the potential movement of 

persons (Syphard et al. 2008, Magnussen and Taylor 2012). I assembled road data from 

the BC Digital Road Atlas (Table 2.1), which is an up-to-date catalogue of roads that is 

maintained by GeoBC (GeoBC 2013a). Roads were differentiated between paved and 

unpaved roads to account for potential differences human behaviour associated with each 

type. For example, recreational activities and logging sites are often solely accessible via 

unpaved forest roads. For the purposes of this study, paved roads were defined as active 

roads with a road surface type of “paved” in the GeoBC dataset, while unpaved roads 

were defined as active roads with a road surface type of “loose” or “rough”. I chose to use 

road density as a metric instead of distance-to-roads because preliminary analysis 

indicated that paved and unpaved road densities explained more variation in human-

caused ignitions than cell-wise average distance-to-paved-roads or distance-to-unpaved-
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roads. The road data obtained from the BC Digital Road Atlas represent active road data 

at the time of data acquisition, 2013; however, the actual roads and road data might have 

changed through the time period of the study. Recreational corridors, such as trails, are 

prominent in BC and have been strongly associated with human-caused ignitions (Pew 

and Larsen 2001). I included trail density, which was quantified from the Recreation Line 

dataset provided by BC MFLNRO (Recreation Sites and Trails BC 2013). The dataset is 

a linear spatial layer of recreation trails first created in 2008; I used a dataset updated to 

2013. 

The wildland-urban interface and the mapping process 

The wildland-urban interface (WUI) is an area of high fire risk at the urban fringe 

(Radeloff et al. 2005). Many studies examine how fire affects the WUI, as this is the area 

where most catastrophic fire damage occurs; however, it is also important to quantify the 

effects WUI has on the environment, particularly how WUI influences fire occurrence and 

behaviour (Bar-Massada et al. 2014). The WUI is the area where I expect the highest 

human-environment interaction to occur and thus variation in the WUI to have the greatest 

effect on human-caused ignitions (Bar-Massada et al. 2014). In BC, there is no publicly-

available mapping or specific definition of the WUI, although wildfire threat analysis (e.g., 

Beck and Simpson 2007) to examine and map interface ‘breach’ potential is ongoing 

through the province’s Wildfire Management Branch. There is also a current effort to 

classify the WUI in the province by structure density, the results of which may be ready in 

the near future. Radeloff et al. (2005) outlined a method to map the WUI in the United 

States (US) according to US Federal Register definitions using publicly available 

geographic census block data combined with land cover datasets. I adapted the Radeloff 

et al. (2005) method to BC using the 2011 Census of Canada digital cartographic files 

(Statistics Canada 2012) and the 2011 Canada 250m Land Cover Time Series data  

(Government of Canada, Natural Resources Canada 2012). The US Federal Register, 

and thus Radeloff et al. (2005), make a distinction between two types of WUI: i.e. intermix 

and interface; however, for this study, I made no distinction and simply classified areas as 

WUI or non-WUI.  

Following guidelines in Radeloff et al. (2005), census dissemination blocks were 

classified as WUI if they had a housing density of ≥ 6.17 units/km2 within ≥ 50% wildland 
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vegetation or had < 50% of wildland vegetation, but within 2.4 km of area that is heavily 

vegetated, or > 75% wildland vegetation. Wildland vegetation was defined as forests, 

shrublands, grasslands, and wetlands of all types and densities. I excluded lichen-

dominated areas, agriculture, barren land, urban built-up, and snow/ice. Proportion of WUI 

was calculated for each of the study cells. The WUI product is accurate to 2011, and I 

made the assumption that the relationship between fire and the urban fringe of housing 

development from 1990-2013 is generally preserved by these data at a spatial resolution 

of 10km. 

Land use 

Recreational, logging, and rangeland activities can have a profound impact on fire 

frequency by affecting fine fuels for fire ignition and also because these activities are a 

proxy for human movements that might lead to human-caused ignition. The BC Baseline 

Thematic Mapping Present Land Use Spatial Layer (BC BTM) is a frequently updated land 

use dataset compiled from multiple analytic techniques on Landsat 5 image mosaics and 

is accurate to 250m (GeoBC 2013b). The data set uses a combination of analytic 

techniques to determine specific land use polygons, such as logged and recreational 

areas. From the BC BTM, I calculated the proportion of logging (defined as “recently-“or 

“selectively-logged areas”), recreation areas (defined as “recreational activities”; e.g. Bear 

Creek Provincial Park or Whistler Interpretive Forest) and rangelands (defined as 

“rangelands”) in each cell. I used a dataset updated to 2013.  

Explanatory variables – Biophysical 

Vegetation type 

Vegetation type can affect the ignitability by a heat source and the initial rate of fire spread 

that ultimately leads to a detectable fire (Whelan 1995, Krawchuk et al. 2006). I developed 

five vegetation metrics (Table 2.1) based on the Natural Resources Canada’s 2011 

Canada 250m Land Cover Time Series data (Government of Canada, Natural Resources 

Canada 2012). The dataset contains temporally-consistent land cover classes for 2011 

derived from MODIS 250m spatial imagery (Pouliot et al. 2014). Natural Resources 

Canada updates the data annually to reflect any land cover change that is detected within 

the year, though the clear majority of land cover classes stay the same. I chose the 2011 
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dataset because it was the same year used to map the WUI. The dataset classifies 25 

land cover types including various densities of conifer forests, grasslands and urban 

areas, amongst other types. The grasslands classification, however, is restricted to the 

Canadian Prairies and was excluded from my analyses. To simplify analysis, all densities 

of each forest type were grouped into one category; for example, needle-leaved coniferous 

forests of high, medium and low density classes were combined into one classification 

termed “coniferous forests.” The same methodology was used to combine broad-leaved 

deciduous forests and mixedwood forests. The other land cover classification types 

included were shrublands, and wetlands, as these represented wildland vegetation that is 

potentially influential to the fire ignition process. 

Climate 

Climatic conditions, specifically variations in precipitation and temperature during 

the fire season, are essential for creating dry fuels and are strongly associated with 

ignitability and fire rates of spread (Littell et al. 2009, Meyn et al. 2012). Climatic variables 

were developed by using the ClimateBC/WNA computer module (Hamann et al. 2013) 

that utilizes historical data from weather stations and interpolates annual, seasonal and 

monthly climatic variables for BC given geographic coordinates and elevation 

(Spittlehouse 2006). I selected the seasonal variable “mean summer temperature” (June 

– August) and “mean summer precipitation” over the period 1990-2013. The summer 

timeframe was chosen because these conditions explained the most variation in human-

caused ignitions in preliminary analysis. Admittedly, this preset seasonal variable misses 

key time periods regarding BC’s heterogeneous wildfire behaviour, specifically the late 

spring dip in the Boreal that starts in late May, and high fire probabilities of grasses in 

March-April.  

Topography 

Topographic variables are a proxy for local climatic conditions, but also affect fire 

rate of spread and, thus, detection (Kane et al. 2007, Bennett et al. 2010). I quantified 

three topographic variables by using a BC digital elevation model (BC DEM) from the Base 

Mapping and Geomatics Services Branch of the BC Ministry of Sustainable Resource 

Management (Base Mapping and Geomatics Services Branch [now GeoBC] 2002). I 
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calculated mean elevation, slope, and a transformed metric of aspect called 

southwestness, which measures how southwest-facing a slope is and is calculated as: 

cos(aspect – 225). 

Differences in elevation lead to differences in temperature, precipitation and fuel 

structure that all affect fire occurrence and behaviour (Bennett et al. 2010, Dimitrakopoulos 

et al. 2011). Variation in slope can be a determinant of ignitability and the rates of fire 

spread increases on steeper slopes as fires preheat fuels on higher elevations (Bennett 

et al. 2010, Faivre et al. 2014). In the northern hemisphere, southwest-facing slopes 

receive more solar insolation and so are generally the warmest and driest slopes and have 

been linked with increased ignitability (Syphard et al. 2008, 2012).  

Modelling approach 

I used Poisson and negative binomial GLMs to model human-caused fire ignition 

counts against a set of human influence and biophysical variables to quantify the effect of 

important variables in each of the six BEC zones. GLMs are extensions of linear 

regression models appropriate for count data as these data are discrete and non-negative 

(Bolker et al. 2009, Zuur et al. 2009). Overdispersion, the condition when the variance is 

larger than the mean, is a violation of a critical assumption for Poisson GLMs (Zuur et al. 

2009). When overdispersion was detected in data for a particular BEC zone, I used a 

negative binomial GLM, which provides an extra parameter, theta θ, which estimates 

overdispersion. 

The focus of the study is concerned with interpreting the importance of each 

explanatory variable in the final model for each zone and comparing effects among zones, 

which can be difficult when dealing with large datasets with variables in different units. 

Thus, I scaled the data by centering and standardizing all explanatory variables, by 

subtracting the mean and dividing by the standard deviation of each explanatory variable. 

Scaling preserves the relationship of the data, but converts all respective units to 

measures of their standard deviations rather than individual units (Schielzeth 2010). The 

standardized regression coefficients, or beta coefficients, are directly comparable, which 

vastly improves interpretability of importance (Schielzeth 2010).
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Table 2.1. Data used to develop variables for models of human-caused wildfire ignitions in British Columbia. Resolution 
indicates the resolution/type of the original data used to calculate values for each of the 10km x 10km cells. 

Type   Variable  Units Resolution Source  Dates 

Response       

   Human-caused ignitions count point BC Wildfire Service 1990-2013 

Explanatory Human       

   Paved roads roads/10km2 line BC MFLNRO Active roads as of 2013 

   Unpaved roads roads/10km2 line BC MFLNRO Active roads as of 2013 

   Wildand-urban interface - polygon Census and NRC 2011 

   Recreational areas p polygon BC MFLNRO 2013 

   Logged areas p polygon BC MFLNRO 2013 

   Rangelands p polygon BC MFLNRO 2013 

   Trails trails/10km2 line BC MFLNRO Active trails as of 2013 

 Biophysical      

  Vegetation Conifer forests p 250m NRC 2011 

   Mixedwood forests p 250m NRC 2011 

   Deciduous forests p 250m NRC 2011 

   Shrublands p 250m NRC 2011 

   Wetlands p 250m NRC 2011 

  Climate Mean summer temperature °C  5km ClimateBC                         1990-2013 

   Summer precipitation mm 5km ClimateBC 1990-2013 

  Topography Elevation m  25m BC DEM 2002 

   Slope  degrees 25m BC DEM 2002 

   Aspect southwestness 25m BC DEM 2002 

Note: Abbreviations are: p, proportion of cell; MFLNRO, Ministry of Forests Lands and Natural Resource Operations; NRC, Natural Resource Canada; Citations 
for the data sources are included in the text.
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After scaling the explanatory variables, I checked for correlation among variables, 

which can provide misleading estimates in multiple regression (Zuur et al. 2009). 

Spearman’s rank correlation test was used, as it is non-parametric and does not rely on 

an assumption of linearity (Zuur et al. 2009). If I found two or more potential explanatory 

variables with a Spearman’s correlation of >0.7, I ran bivariate Poisson models of each 

and discarded the terms with the lowest proportional deviance explained. A final check for 

multicollinearity was performed by looking at the variance inflation factor (VIF) in the final 

model terms. If explanatory variables had a VIF > 10, I examined the two terms individually 

using bivariate regression and dropped the explanatory variable explaining the least 

variation in human-caused ignitions. 

To select the best subset of explanatory variables for the final model, I used 

backwards, stepwise selection based on Akaike’s Information Criterion (AIC), which 

values parsimonious models and penalizes for complexity. I calculated a measure of 

variable importance by removing each term from the final model and calculating the 

relative contribution to the final AIC value, i.e. the ΔAIC; the higher the ΔAIC, the more 

important the variable is in the model.  

After final model selection, I performed various model diagnostics: plotted fitted 

against raw data to evaluate the model fitness, Q-Q plots to assess distributional 

assumptions, and residuals against predicted values to assess any trends in the data. I 

examined residual spatial autocorrelation by using spline correlograms that measures if 

there is positive or negative correlation of residuals at continuous lag distances. Spatial 

autocorrelation in the residuals is a violation of an assumption when using GLMs, where 

estimated errors are assumed to be independent (Zuur et al. 2009). Residual spatial 

autocorrelation typically leads to type I errors, where an effect of a term coefficient is 

detected though not truly present (Dormann et al. 2007). Additionally, spatial 

autocorrelation might hint at key explanatory variables that are missing in the model.  

I employed an averaging technique to combine the two measures of variable 

importance, the beta coefficients and ΔAIC, into a final ranking, similar to methods in 

Syphard and Franklin (2009) and Bar Massada et al. (2013). First, I selected the top six 

variables in the final model for each zone and ranked these variables according to the two 
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measures of variable importance, a weighting from 1 to 6. I chose the top six variables 

because this was the average number of final terms throughout all of the BEC zone 

models. If one variable was present in one importance ranking but absent in the other, I 

assigned a rank of two times the number of final terms for a maximum rank of 12. I 

considered this a simple and reasonable penalization for inconsistent results between the 

two measures of variable importance. I then averaged the ranks between the beta 

coefficient and AIC ranking to develop a final ranking system for all zones and ranking for 

each zone. I also examined the amount of variability explained by each model using the 

proportional deviance explained, also referred to as D2, which is a similar metric to linear 

regression’s coefficient of determination, R2. 

2.3. Results 

There were 16 596 ignitions in 5428 sampling units within the six study zones. The 

PPBGIDF zone group, as expected, had the highest average number of human-caused 

ignitions with 13.38 (SD = 18.10) per 10 x 10km sampling unit over 24 years. The BWBS, 

the largest and most remote zone, averaged the smallest number of human-caused 

ignitions with 0.87 (SD = 2.58). The SBPS, ICH, SBS, and CWH zones all had relatively 

similar averages with 3.01 (SD=8.83), 2.48 (SD= 4.10), 2.42 (SD=4.21), and 2.40 

(SD=6.76), respectively.  

All models showed evidence of overdispersion and were fit using a negative 

binomial distribution. There was minor but significant spatial autocorrelation at short lag 

distances that I report but do not consider further.  

The first objective was to determine which human influence variables were 

important for quantifying spatial variability in human-caused fire in BC. In the six final 

models, the most times a single explanatory variable was retained was five (Figure 2.2). 

See Table 2.2 for abbreviations of explanatory variables. Overall, WUI was the most 

frequently retained variable in the final models (Table 2.3), being significant in all zones 

except the CWH. Rec. Areas was the second-most retained human influence variable, 

being significant in three zones: BWBS, CWH and SBS. Logging, Unpaved, and Paved 

were all significant in two zones (Logging in BWBS and ICH; Unpaved in BWBS and 
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SBPS; Paved in BWBS and SBS), while Trail and Rangelands were only retained in the 

models for ICH and SBS, respectively.  

 

Table 2.2. Explanatory variables and their abbreviations used within the text. 

Explanatory Abbreviations 

Paved Road density Paved 

Unpaved road density Unpaved 

Proportion of Wildland-urban interface WUI 

Proportion of Recreational Areas Rec. Areas 

Proportion of Logging Areas Logging 

Proportion of Rangelands Rangelands 

Trail density Trail 

Proportion of Conifer forests Conifer 

Proportion of Mixedwood forests Mixedwood 

Proportion of Deciduous forests Decid 

Proportion of Shrublands Shrub 

Proportion of Wetlands Wetlands 

Mean Summer Temperature Summer Temp 

Mean summer precipitation Summer PPT 

Mean Elevation Elevation 

Mean Slope Slope 

Mean southwestness SW 

The following six paragraphs provide detailed model results for each of the six BEC 

zones groups. Table 2.3 provides the measures of variable importance with raw beta 

coefficients and ΔAIC for each explanatory term. Final models of each BEC zone can be 

found in the Appendix B. 

For the BWBS zone, human influence variables were very important in controlling 

spatial patterns of human-caused fire ignition. The WUI, Logging, Unpaved, and Paved 

variables were retained in the final model and were top variables in the average ranking 

system (Appendix B – Table B.1). WUI had the largest beta coefficient (Table 2.3; β=1.94; 

SE = 0.19) and the second largest ΔAIC. Logging had the largest ΔAIC and the third 
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largest beta coefficient (β=0.79; SE=0.10). Only one biophysical variable, Slope, was in 

the top six most important variables in BWBS according to average ranking. 

 

Figure 2.2. Explanatory variables, coded as Human or Biophysical, sorted by 
the number of times retained in final models for each Biogeoclimatic 
Zone (BEC). Abbreviations can be found in the Table 2.2 
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Table 2.3. Overall ranking of most important variables to human-caused ignitions with BEC zone-specific regression 
coefficients and delta AIC. A smaller ranking value means the variable had greater importance. Human 
influence variables are presented in bold text. 

  BWBS  CWH  ICH  PPBGIDF  SBPS  SBS  

Variable Final rank β ΔAIC β ΔAIC β ΔAIC β ΔAIC β ΔAIC β ΔAIC 

WUI 1 1.94 42.2 0.06 (*) NA 0.31 31.1 0.14 43.9 4.9 36.49 0.23 (*) 17.1 

Summer Temp. 2 0.29 0.29 1.22 84.3 1.12 145.5 0.55 26.5 NA NA 0.48 13.7 

Summer PPT 3 -0.33 2.9 (#) -0.71 154.2 NA NA -0.77 25.2 -1.44 29.57 NA NA 

Conifer 4 -0.19 2.7 (#) 0.51 20.4 NA NA 0.42 32.6 NA NA 0.62 14.2 

Mixed 5 -0.09 1.6 (#) 0.55 30.8 -1.17 16.2 NA NA NA NA NA NA 

Paved. 6 1.24 12.3 NA NA NA NA NA NA NA NA 1.06 59.9 

Logging 7 0.79 51.5 NA NA 0.17 11.4 NA NA NA NA NA NA 

Shrub 8 NA NA NA NA NA NA 0.38 79.9 NA NA 0.51 33.5 

SW 9 NA NA 0.13 3.1 -0.14 9.5 NA NA 0.19 1.4 0.32 47.9 

Decid 10 0.09 2.4 (#) 0.23 8.2 NA NA NA NA 1.11 15.8 0.44 54.7 

Unpaved  11 0.77 40.6 0.20 (*) NA NA NA NA NA 0.29 5.62 NA NA 

Elevation 12 NA NA 0.42 11.3 NA NA -0.4 4.4 NA NA NA NA 

Rec. Areas 13 0.41 17.3 0.08(*) 6.3 NA NA NA NA NA NA 0.13 (*) 14.5 

Slope 14 0.58 13.2 NA NA NA NA NA NA NA NA NA NA 

Wetland 15 NA NA 0.42 11.3 NA NA NA NA NA NA NA NA 

Rangelands 16 NA NA NA NA NA NA NA NA NA NA 0.93 6.7 (*) 

Trail Den 17 NA NA NA NA -0.11 3.8 NA NA NA NA NA NA 

Abbreviations are: BWBS, Boreal White Black Spruce; CWH, Coastal Western Hemlock; ICH, Interior Cedar-Hemlock; PPBGIDF, Ponderosa Pine – Bunchgrass – 
Interior Douglas-fir; Sub-Boreal Pine-Spruce; SBS, Sub-Boreal Spruce. NA, not retained in final model. See Table 2.1 for Variables and metrics. (*) means 
retained in final model but not in top six variables and, thus, not ranked. (#) means in final model but ΔAIC less than 3.0.
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For the CWH zone, human-caused fire occurrence was largely controlled by 

biophysical variables. Summer Temp. and Summer PPT were retained in the final model 

and tied as the most important variables according to the average ranking (Appendix B – 

Table B.2), with both variables being ranked either first or second according to beta 

coefficients or ΔAIC. Summer Temp. had the highest beta coefficient (β=1.22; SE=0.13), 

while Summer PPT had the highest ΔAIC and second highest beta coefficient (β=-0.71; 

SE=0.06). No human influence variables were in the top six in either of the two rankings.  

The model for the ICH zone retained a combination of human influence and 

biophysical variables. Summer Temp. had the highest average rank (Appendix B – Table 

B.3), with the highest ΔAIC and second highest beta coefficient (β=1.12; SE=0.09). 

Mixedwood had the highest beta coefficient (β=-1.17; SE=0.28) and the third highest 

ΔAIC. WUI was the highest human influence variable, ranking third overall, with the 

second highest ΔAIC and third highest beta coefficient (β=0.31; SE=0.05). Logging was 

consistently ranked fourth between ΔAIC and beta coefficients (β=0.17; SE=0.04). 

For the PPBGIDF zone, biophysical variables were significant explanatory 

variables and were important variables for both ranking systems. The top four variables, 

all of which were biophysical, tied for the top ranking due to inconsistencies between ΔAIC 

and beta coefficient ranks (Appendix B – Table B.4). The top variables were Conifer, 

Summer Temp., Summer PPT and Shrub. Shrub had highest ΔAIC, but only the fifth 

highest beta coefficient (β=0.38; SE=0.05). Summer PPT had the highest beta coefficient 

(β=-0.77; SE=0.15), but only the fifth highest ΔAIC. Conifer was ranked the same in all 

rankings being the third most important for both ΔAIC and beta coefficient (β=0.42; 

SE=0.07). Summer Temp. had the second-highest beta coefficient (β=0.55, SE=0.10), but 

only the fourth highest ΔAIC rank. WUI was the highest human influence variable and 

narrowly missed being tied with the top four variables, with the second highest ΔAIC but 

only the sixth highest beta coefficient (β=0.14; SE=0.16).  

For the SBPS zone, no disagreements were found between the two measures of 

variable importance (Appendix B – Table B.5). WUI was the consensus top variable and 

one of two human influence variable retained. WUI obtained the highest ΔAIC rank and 

highest beta coefficient (β=4.90; SE=1.10). Summer Precipitation was ranked second for 
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both ΔAIC and beta coefficient ranks (β=-1.44; SE=0.28). Decid was the third most 

important variable for both ΔAIC and beta coefficients (β=1.11; SE=0.27). Unpaved was 

the only other human variable retained ranking fourth for both AIC and beta coefficient 

(β=0.29; SE=0.10). 

 For the SBS zone, Paved was the consensus top variable (Appendix B – Table 

A.B), ranking first in both ΔAIC and beta coefficient (1.06; SE=0.13). Decid (β=0.44; 

SE=0.06) and Shrub (β=0.51; SE=0.08) tied for the next most important variable, with 

Conifer (β=0.62; SE=0.15) and SW (β=0.32; SE=0.04) being tied to round out the top five 

variables. Rangelands (β=0.93; SE= 0.31) was the second most important human 

influence variable and ranked sixth overall. 

The second objective was to assess the effect size of each human influence 

variable to better understand the relative influences of human activity on human-caused 

fire occurrence in BC, using the averaged ranking system. I found WUI was the highest 

ranking explanatory variable overall (Table 2.3). Paved was the second-most influential 

human influence variable, ranking sixth in overall importance amongst all variables. 

Logging and Unpaved were the third and fourth most important human influence variable. 

Rec. Areas, even though consistently retained in many models across BEC zones (Figure 

2.2), had little marginal effect, ranking thirteenth overall in influence (Table 2.3). Trail was 

the least influential variable across all regions, being dropped everywhere expect ICH. All 

human influence variables had a positive effect on human-caused ignitions except Trail in 

the ICH zone, which was negative.  

The third objective was to assess how the statistical effects of human influence 

varied among zones. The BWBS model contained the most human variables, retaining 

five out of the seven potential options, and had the highest average rank for human 

variables, meaning it was the BEC zone where the effect sizes were the strongest (Table 

2.4). The SBS model retained the second most human variables, keeping four variables, 

and had the third-highest average rank. The BEC zones where the statistical effect size of 

human influence was lowest were CWH and PPBGIDF, both retaining just one variable, 

Rec. Areas and WUI, respectively; CWH and PPBGIDF also had the lowest ranks of 

human influence variables, last and second-last, respectively (Table 2.4). Zones with the 
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lowest levels of WUI, e.g. BWBS and SBS, were the areas where human influence 

variables exhibited the strongest effects (Figure 2.4). In contrast, areas with the highest 

levels of WUI, e.g. PPBGIDF and CWH, were areas where the human-caused fire ignition 

process was largely controlled by biophysical variables (Figure 2.3, Table 2.4).  

The six statistical models explained a substantial amount of variability. The 

proportional deviance explained, referred to as D2, is a measure of variability explained 

with 1.00 representing all variability explained while 0.00 representing none. D2 values 

ranged from 0.39-0.62 for the six models (Appendix B), with BWBS having the highest 

value at 0.62 and CWH second-highest with 0.50.  PPBGIDF had a D2 value of 0.42, while 

the remaining three zones all had a value of 0.39.  
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Table 2.4. Average ranking of human influence variables within each BEC zone with retained human variables. A smaller 
ranking value means the human influence variable have greater importance. Check marks indicate which 
variables were retained. 

Zone Avg. Rank for human variables WUI Paved Logging Unpaved Rec Rangelands Trail 

BWBS 5.71      NA NA 

SBPS 7.86  NA NA  NA NA NA 

SBS 8.79   NA NA   NA 

ICH 9.50  NA  NA NA NA  

PPBGIDF 10.86  NA NA NA NA NA NA 

CWH 12.00 NA NA NA NA  NA NA 

Note: Abbreviations are: BWBS, Boreal White Black Spruce; CWH, Coastal Western Hemlock; ICH, Interior Cedar-Hemlock; PPBGIDF, Ponderosa Pine – 
Bunchgrass – Interior Douglas-fir; Sub-Boreal Pine-Spruce; SBS, Sub-Boreal Spruce. NA, not retained in final model. See Table 2.1 for Variables and metrics. 
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Figure 2.3. The statistical effects of human influence variables decreases as 
proportion of WUI increases. Plot (A) displays the number of 
retained human influence variables in each BEC zone against 
proportion of WUI.  Plot (B) displays the average rank of human 
variables in each BEC zone against proportion of WUI. Lines were fit 
by linear regression with (A) β = -64.46 (SE=32.03) and intercept = 3.66 
(SE=0.72), with multiple R2 of 0.50 and (B) β = -93.70 (SE=40.56) and 
intercept = 7.68 (SE=0.001) and multiple R2 of 0.57. 

2.4. Discussion 

I examined the differences in drivers of human-caused fire among BEC zones to 

determine where human activity had the most profound impact, and the results differed 

from what I expected. I expected to find fire to be controlled by human influences in areas 

with the highest human-caused fire density and highest human footprint, as supported by 

literature of places with human-dominated fire regimes (Sturtevant and Cleland 2007, 

Syphard et al. 2007); however I found the opposite. The PPBGIDF and CWH are the most 

(A) 

(B) 
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populated and contain the highest proportion of WUI and paved road densities in the study; 

yet, both zones retained only one human influence variable and, when retained, had the 

lowest ranks of influence. In contrast, BWBS and SBS are some of the least developed of 

the BEC zones in the study with low mean paved road density and low proportions of WUI, 

but had the most human influence variables retained in models, with the highest averaged 

rank.  

The differences in key drivers of the human-caused ignition process across a 

gradient of climate, vegetation, and human influence outlines similar concepts with the 

global-scale varying constraints hypothesis (Krawchuk and Moritz 2011), where dominant 

limiting factors of human-caused fire occurrence vary in what I now find are predictable 

spatial patterns. The fire regime triangle provides a good model for outlining the results, 

where the three sides of the triangle -ignitions, climate and vegetation- help explain the 

controls of a fire regime. The relatively urbanized dry southern interior, the PPBGIDF, has 

summers that are hot and dry, and potential human ignition sources are in abundance. 

Human-caused ignition frequency, in this case, is likely controlled by the more limiting 

factor, the availability of flammable fine fuels, as sources of human-caused ignitions are 

relatively common and wide-spread in the environment and the ignition process is more 

strongly limited by where fine fuels can accumulate and become flammable. The 

PPBGIDF model reflects this idea where four variables explaining the spatial variability in 

dry fine fuel conditions (Conifer, Summer Temp., Summer PPT, Shrub) tied for the most 

important in determining human-caused ignitions. Conifer, Summer Temp., and Shrub all 

had positive associations with the number of ignitions, while Summer PPT was negatively 

associated. On the opposite end of the spectrum, the boreal forest (BWBS) in the 

northeast has relatively few people. All variables accounting for the presence and/or 

movement of potential human ignition sources far outweighed any other variable in 

determining the spatial variability in human-caused ignitions, and provide strong evidence 

that the spatial variability of potential ignition sources is the major limiting factor for human-

caused fire in the remote region.  

Ignitions in moist forests are largely controlled by variables explaining conducive 

burning conditions. The temperate rainforests of British Columbia, the CWH, have large 

human populations in some regions of the zone, which can lead to the presumption that 
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ignitions are limited by the presence of flammable fuel. However, regardless of fire cause, 

fire ignition in wet forests is often constrained by climatic factors, as fuel loads are high 

and so spatial variability of precipitation and temperature control fire occurrence (Pyne 

1984). The fact that summer temperature, with a positive association, and precipitation, 

with a negative association, were top variables in the CWH model reinforced the 

documented climatic controls of fire patterns in wet forests. The ICH is another notable 

wet region in British Columbia and, as such, is presumed to have similar controlling factors 

to human-caused ignitions as CWH. However, because there is less precipitation in the 

region and lower levels of human development, one might predict a larger effect of human 

influence variables in comparison to CWH, with the zone still being characterized by the 

presence of fuel and fire-conducive climatic conditions. The final model exhibited these 

drivers and constraints, as strong positive associations with summer temperature and 

presence of fuel were found, but there were significant but weak positive effects from 

logging and the WUI.  

The sub-boreal regions, i.e. SBPS and SBS, offer mixed support for developing a 

clear synthesis of spatial variability in the limiting factors of human-caused ignitions. In the 

more remote and higher plateau of the SBPS, the dry climate and low human impact hint 

that variation in numbers of ignitions sources (e.g., human factors) are likely the key 

limiting factor in the region. Proportion of WUI, though low in the zone, had a large effect 

size in both measures of variable importance and reflects WUI’s strong positive 

association with human-caused ignitions. The low number of human influence variables 

retained in the final model might initially indicate that there are more limitations than just 

ignition sources in the SBPS zone. However, the top two human influence variables, WUI 

and unpaved road density, most likely account for much of the spatial variability describing 

human ignition sources, as human development in the zone is limited and not diversified. 

The SBPS has some of the least productive forests and lowest population densities in BC 

(Wong et al. 2004), which may limit the significance of human-fire interactions to fewer 

variables. The SBS is a large region with a range of human impacts. Spatial pattern of fire 

in the zone appears to have a balance of explanatory power from both human influence 

and biophysical constraints. Paved road density was the top variable explaining human-

caused ignitions in the region. The region offers travel routes between major population 

centres in all corners of the province, connecting at the centre in Prince George. Paved 
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road density’s large effect might reflect both the level of human development, as the metric 

is a general measure of human development, but also the relatively high traffic volume 

and human activity the zone experiences, meaning e.g., an opportunity for many people 

to discard lit cigarettes out their windows, commit various forms of arson, and accidentally 

ignite fires linked to agriculture, forestry, ranching, etc. After accounting for human-caused 

ignition sources, fire in the SBS appears to be limited by flammable fuels as the next tier 

of important variables are all vegetation types.  

Almost all of the human influence variables had a positive effect on human-caused 

ignitions, as would be expected since most metrics represent the variability in potential 

human ignition sources. The WUI metric clearly captured the bulk of human-fire 

interactions, supporting existing work in other parts of North America showing that the 

edge of human development and specific housing patterns are strong predictors of 

human-caused ignition (Syphard et al. 2007, Hawbaker et al. 2013, Faivre et al. 2014). 

Moreover, WUI was ranked as the top variable in the average ranking system across all 

regions, meaning that, when included, it had some of the largest effect sizes. My modelling 

approach used multiple regression analyses, where term coefficients are marginal, i.e. the 

effect of a variable is calculated after accounting for all other variables. The marginal effect 

of the WUI might be stronger than other human influence variables, as WUI can potentially 

capture other human-fire interactions, e.g. escaped campfires or logging fires, which can 

cluster around even small levels of housing development or resource extraction 

communities. The lack of significant human influence variables in other BC studies, like 

Magnussen and Taylor (2012), could potentially be explained by the exclusion of WUI or 

other housing-related  metrics.  

Metrics representing recreational activities and forestry were positively associated 

with the number of human-caused ignitions, and represent the local pressures of the two 

land use activities. Proportion of recreational areas was the second-most retained human 

influence variable, important in the three largest zones: BWBS, SBS and CWH. However, 

when retained, the variable had little effect, most likely capturing a small but significant 

number of fires related to recreational activities in these large, diverse regions. Moreover, 

the recreational areas explanatory variable likely misses important areas where popular 

recreational activities occur, e.g. undesignated crown lands. A re-analysis with an 
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expansive dataset with all types of recreational areas might lead to different conclusions. 

Proportion of logging sites was also retained in BWBS, though the zone has a relatively 

small logging footprint. The fact that proportion of logging sites is relatively low in the 

boreal region underscores how sensitive the zone is to a slight increase in potential ignition 

sources. The ICH is the other zone where proportion of logging sites was significant; 

however, the inclusion of the variable in this zone with a positive association most likely 

reflects the direct pressures of forestry in the region. The ICH zone is in the wet-belt of the 

interior with a high proportion of conifer forests and a very productive forestry industry 

(Meidinger and Pojar 1991). The absence of a significant association from logging in the 

heavily-logged CWH zone provides stronger evidence that the ignition process in very 

moist regions is still largely controlled by variables explaining conducive burning 

conditions.  

While most of the human influence variables in the study reflect the variability of 

potential ignition sources, some variables can change the flammability of important fine 

fuels, and so indirectly affect ignition probability. Logging operations have been associated 

with changes in many aspects to the fire regime, including changes to the microclimate of 

the area, fuel characteristics, and opening access to wildland fuels (Lindenmayer et al. 

2009). Many of the changes attributed to logging operations have increased flammability 

of sites in western North America, at least in the near-term (Donato et al. 2006, Krawchuk 

and Cumming 2009), specifically dry-dead slash accumulation that is highly flammable 

(Dodge 1972, Lindenmayer et al. 2009). Though I expect the effect of logging to include 

the increase in potential ignition sources where it was retained, i.e. BWBS and ICH, I also 

expect the effect of logging to include changes to the flammability of particular fuels with 

the increase of slash fuels generated in the logging process. In some unpublished results, 

proportion of logging sites was retained with a positive association in lightning-caused 

models for both BWBS and ICH using the same subset of human influence and biophysical 

variables. The fact that the variable was retained in the same zones for both human- and 

lightning-caused models with a positive relationship provides strong evidence that logging 

activities also affects the patterns of fire occurrence by affecting the flammability of fuels. 

Although human-caused wildfires have the potential to become large and 

influential for both human and ecological systems, it is important to note that the majority 
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of human-caused fires in BC are typically smaller than lightning-caused fires. The fuel 

structure and connectivity required for a fire to spread is often fragmented or treated in the 

locations where human-caused fires are predicted to occur. Additionally, human-caused 

fires generally cluster around patterns of human development that have the infrastructure, 

such as paved roads, that allow wildfire suppression teams to gain access and halt active 

fires. While, admittedly, the average size and intensity of fires are less than lightning-

caused fires, there is still a potential for spread and destruction when the fuel structure is 

present, and the history of destructive human-caused fires highlights the importance of 

studying the key drivers of human-caused fires. A separate analysis of large, problematic 

fires is needed and is a logical next step for future research. 

There are numerous ways in which my modelling approach could be improved. 

Nearly all variables are a snapshot from a particular year. For example, I used the 2011 

land cover data instead of averaging all land cover data for available years, as a balance 

between acquiring spatially explicit variables and reducing lengthy processing times for 

the large province of BC. Moreover, the land cover time series data I obtained originates 

in 2000, making it impossible to match the land cover data with the fire data entirely. 

Additionally, the layout of roads and the expanding wildland-urban interface are changing 

as human development expands in BC. However, I am relatively confident that the 

datasets I used capture the broad pattern of land cover and their associated effects on 

wildfire ignitions, as land cover across a period of 24-years will remain relatively stable at 

a 10 km resolution. I suggest my metrics provide a reasonable estimate of the spatial 

variability of human development and vegetation at a 10km resolution in BC.  

The land cover dataset provides an understanding of the specific influence of 

vegetation on wildfire, however the dataset misses the importance of different fuel types 

in each sample grid. For example, the moisture retained in fine and duff fuels are important 

for the fine-scale ignition process, initial fire spread and build up for a fire to be detected 

and added to the final fire count, my response variable. Fine fuels are the primary fuels 

needed for an ignition to occur, as they are more combustible and dry relatively quickly, 

while duff consumption is the main energy source produced in moving fires (Stocks et al. 

1989). The variability of the fine and duff fuel loads in different ecosystems leads to stark 

differences in the flammability, even under the same climatic conditions (Pyne 1984). 
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Grasslands in the southern interior, with higher fine fuel loads and ground solar insolation, 

are more fire prone than areas with higher overall fuel loads like the temperate rainforests, 

even when other biophysical variables are held constant. Though important for the 

prediction of fire occurrence for fire management, the nature of my research question 

relies on examining the fire patterns on a longer temporal scale and the examination of 

key variables on the fire regime triangle. I opted to focus on the effects of vegetation in 

determining variable importance, though I realize the importance of different fuel types in 

the fire ignition process.    

There are many aspects to statistical modelling that examine the relationship 

between potential variables, including testing for interactions and non-linear effects.  

Interaction terms can sometimes improve our understanding of the relationships between 

explanatory variables by examining how the effect of one variable changes across the 

range of values of a second. I opted to exclude interactions as the number of potential 

interactions occurring between the 17 explanatory variables would be relatively high and 

I had no a priori expectations for interactions among particular variables. Non-linear (e.g. 

quadratic) effects are another interaction term, where the interaction of a term occurs with 

itself yielding curvilinear relationships between explanatory and response variables. While 

quadratic terms are certainly useful in fitting data to explain and predict many interactions 

in wildfire studies, they can be difficult to interpret when using in multiple regression. The 

nature of my research questions requires us to be able to interpret the relationship of 

explanatory variables with a response, and, thus, I opted to exclude quadratic terms from 

my data in GLMs.  

My research expands on the increasing documentation on understanding the 

drivers of human-caused fire occurrence based on human and biophysical influences. My 

examination of the key drivers of human-caused ignitions across a gradient of human 

influence and biophysical variables in BC builds on the varying constraints hypothesis, 

and helps explain patterns of human-caused ignitions by analyzing spatial variability in 

key drivers and limiting factors to the fire ignition process. I attempt to synthesize my 

findings in different ecosystems across the province to make broad predictions of 

systematic constraints of wildfire based on characteristics of the region. In areas with high 

human development, my models suggest human-caused fire will typically be controlled by 
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variables related to the fire environment. In contrast, my study indicates areas with little 

human development may be particularly sensitive to future development that will increase 

the number of ignition sources. Some variables, specifically metrics quantifying the WUI, 

are often the most important drivers explaining human-caused ignitions regardless of the 

regional characteristics. It is my goal to help contribute to a synthesis of constraints of 

wildfire for an uncertain future where expansion of human development and climate 

change create complex and evolving human-fire interactions.  
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Chapter 3.  
 
At risk of fire: Geography of the Wildland-
Development Interface in British Columbia 

3.1. Introduction 

Areas where human development encroaches into wildland vegetation are where 

the bulk of the socioeconomic costs of wildfire occurs. Traditionally, areas where housing 

occurs adjacent to wildland vegetation are classified as the wildland-urban interface (WUI; 

Radeloff et al. 2005) a residential area that is at-risk for wildfire damage. However, in 

places where industry and natural resource extraction sites are prominent, like British 

Columbia (BC), human-fire interactions can extend further than the urban realm and into 

an area I more broadly define as the wildland-development interface (WDI). The WDI 

encompasses many areas beyond of urban, residential structures that would need to be 

protected, and/or rebuilt in the wake of a catastrophic wildfire event, such as infrastructure 

critical to hydroelectric dams, logging, and mining sites. Though maps of the WDI are vital 

to quantify the zone of risk for effective wildfire management to treat fuels and protect 

these areas of high socioeconomic value, both the WDI and WUI are unmapped and are 

largely undefined in Canada. There are a few publicly available regional analyses mapping 

the WUI in Canada (Peter et al. 2006, Beck and Simpson 2007, Bowman 2012), each with 

their respective criteria for defining the WUI that limits comparisons among the regions. 

With growing expansion of settlements and industry into remote regions of BC (Peter et 

al. 2006), there is an urgent need to begin efforts to geographically identify the WUI and 

WDI, make these maps publicly available, and base them on widely-available, cost-

effective datasets.   

Census data are used to map the WUI over broad extents, e.g., national or regional 

areas, because they provide a standard consistent data source, however the method does 

not work well for large census blocks. In the United States (US), the WUI is defined on the 

national level using explicit guidelines from the federal government. The guidelines have 

been used to map the WUI (e.g., Radeloff et al. 2005) using thresholds in housing density 
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based on census polygon data, that I hereafter refer to as the US Fed method. The US 

Fed method can be problematic as the accuracy of the map is dependent on the size of 

the census unit used for mapping, e.g. the dissemination block for the Canadian census. 

In a census block-based method, large dissemination blocks can result in housing density 

estimates that are uniformly distributed at low, sub-threshold values across a broad region 

when, in reality, housing is more often clustered in only one section of the region. This 

‘equal-spreading’ issue leads to a potentially incorrect estimation of WUI. The province of 

BC has many large dissemination blocks (Appendix D) suggesting the US Fed method 

might mis-characterize the WUI in large parts of the province; for example, three 

dissemination blocks in the north constitute over 10% of the province’s land area. 

Moreover, housing location data from the raw census are assembled to provide 

information on residential housing or dwellings (US Census Bureau 2015; Statistics 

Canada 2015), and would not be suitable for characterizing non-residential structures, as 

needed in a WDI assessment.  

On a local scale, WUI maps have been developed using spatially explicit structure 

locations. These local maps are difficult to extend to broader areas because the underlying 

data are often limited to specific regions and require time-intensive processing to 

complete. Regional WUI analysis in Ontario, the southern interior of BC, and the 

northwestern section of Wisconsin (USA) used building location data from a provincial or 

state land information database (Beck and Simpson 2007, Bar Massada et al. 2009, 

Bowman 2012). The mapping process required manual identification of structures from 

orthophotographs, which involves diligently scanning large collections of often out-dated 

images and selecting individual structures. For example, Beck and Simpson (2007) 

developed a WUI-type mapping strategy using structure locations from Terrain Resource 

Information Mapping (TRIM) products that were last updated for BC to 2005 with 

orthophotography dates ranging from 1987-2004 (GeoBC accessed 2015). The fine-scale 

manual mapping could be extended to include a broader class of human development 

required for a WDI assessment. However the fine-scale structure locations would likely 

soon be out of date, whether for the WUI or WDI, and require time-intensive updating that 

might prohibit managers from supporting such initiatives. There is a trade-off between the 

time-consuming development of fine-resolution products and the benefits received. 



 

36 

A meso-scale fusion of remotely-sensed and census data has the potential to offer 

a useful and efficient estimate of the distribution of the human footprint for wildfire 

management. One such product is the global population dataset, LandScan™ (hereafter 

LandScan) that uses globally-archived census data and their associated census units, but 

then disaggregates the population across the census unit using a process called 

dasymetric mapping. Dasymetric mapping spatially distributes the census counts of 

persons on a constant spatial and temporal grid-cell resolution based on values from 

multiple supporting data layers including land cover, roads, elevation, slope, urban areas, 

village locations and high resolution imagery analysis (Oak Ridge Laboratory 2012). The 

final product is an estimation of 24-hour “ambient,” or average, population at a 30 arc-sec 

resolution; validation of population numbers in sub-national administrative units occurs 

throughout many stages of LandScan processing using the high-resolution satellite 

imagery (Oak Ridge Laboratory 2012). Originally, the LandScan product was targeted for 

identifying the likely locations of persons during anthropogenic or natural disasters, 

however I attempt to use the estimations as an accurate assessment of human footprint 

regarding wildfire. The mapping of 24-hour ambient population of a region, in contrast to 

the residential population, offers three distinct advantages in mapping human-fire 

interactions, particularly in remote regions: (1) it provides the estimated spatial allocation 

of persons and associated human development within large census units, eliminating loss 

of precision due to a variation in the size of census units; (2) it allocates persons outside 

the urban realm, an important factor for characterizing BC’s extensive rural populations 

and natural resource sector; and (3) captures the movement of persons or potential 

ignition sources that, when incorporated in the WDI definition, can be a key driver of 

human-caused wildfire (Sturtevant and Cleland 2007, Syphard et al. 2008, Bar-Massada 

et al. 2014).  

Dasymetric mapping approaches to quantifying the WUI have been used in 

national-scale analyses but a critical element missing from these projects is a validation 

step. A novel dasymetric approach based on housing data was used to map the WUI in 

the conterminous US (Theobald and Romme 2007) and LandScan was incorporated in 

another national-scale assessment of the lower 48 states to determine fire risk and burn 

probability (Haas et al. 2013). Theobald and Romme (2007) did not validate their WUI risk 

assessment. Haas et al. (2013) compares their LandScan-based map to the census 
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polygon method, but not to any structure-related or ground-truthed data; the effort also 

overlooks a key factor that their new maps are no longer WUI, but rather a metric of WDI. 

Moreover, as with most WUI-type studies, the focus of the research was to estimate fire 

risk, overlooking the key role of WUI, or its extension WDI, as a spatial driver of human-

caused wildfire ignitions (Bar-Massada et al. 2014). 

Here I develop an innovative method to map and validate the WDI in BC using 

globally extensive, cost-effective datasets. I use 2011 LandScan population data and 2011 

250m MODIS-derived Land Cover Time Series data to geographically identify three 

metrics of WDI. I validate the WDI products against provincial satellite imagery and aerial 

photography archived and publically available in Google Earth Pro. As a final step, I test 

the strength of the WDI products in predicting the number of human-caused ignitions using 

simple statistical models. 

3.2.  Methods 

3.2.1. Data compilation and analysis 

Population data  

The measure of human development across BC was generated from the 2011 

LandScan global population dataset (Oak Ridge National Laboratory 2012). LandScan is 

a fine-resolution, global population dataset with estimates produced at a 30 arc-second 

scale (~0.0083 decimal degrees or 1km at the equator). The 2011 LandScan product was 

developed using a dasymetric mapping of 2011 geographic census data, where the spatial 

distribution of persons is allocated throughout the lowest-ranked census unit based on 

data from multiple independent spatial layers including land cover, roads, elevation, slope, 

urban areas, village locations and high-resolution imagery analysis (Oak Ridge National 

Laboratory 2012). The high-resolution imagery is used at all stages of LandScan mapping 

to evaluate the accuracy and precision of independent input data layers, as well as the 

weighting factors for each layer in LandScan model calculations (Oak Ridge National 

Laboratory 2012). 
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The native resolution of LandScan is a geographic coordinate system that is 

problematic for regional population density calculations, as the area of a 30 arc-seconds 

grid cell gets smaller with increasing latitude. I developed a resampling and projecting 

procedure to match LandScan with the 250m Equal Area Albers projected coordinate 

system of the 2011 MODIS-derived Land Cover Time Series data (Government of 

Canada, Natural Resources Canada 2012), which acted as my measurement of wildland 

vegetation. I first created a population density grid in units of km2 by dividing LandScan 

population counts by the area of each native LandScan pixel. I then multiplied the 

population density grid by 0.0625 to get population density per 0.0625km2, which is the 

area of a 250 x 250m pixel, or 6.25 ha. I then extracted the population density values to a 

point layer in Equal Area Albers, at a 250m spatial resolution, using bilinear interpolation. 

A final raster grid was created from the population density point values, giving a final 

population count per 250 x 250m raster cell in an Equal Area Albers projected coordinate 

system. The accuracy of the resampling and projection was assessed at multiple spatial 

resolutions, and found the outcome to be satisfactory: the projected values differed from 

the census totals for BC in 2011 by 1164 persons, or 0.03% of the province’s population 

(Appendix E). 

Wildland vegetation 

 Wildland vegetation was mapped using data developed from Natural Resources 

Canada’s 2011 Land Cover Time Series data (Government of Canada, Natural Resources 

Canada 2012). The land cover dataset was derived from MODIS 250m spatial resolution 

imagery. The land cover classification and subsequent updating of classifications is based 

on an evidential reasoning approach to aggregate spectral reflectance and contextual 

information to estimate land cover (Government of Canada, Natural Resources Canada 

2012). The 2011 dataset contains 25 land cover classes including a range of wildland 

vegetation types, such as low-density conifer forests and shrublands, as well as non-

wildland vegetation types, such as water, urban, and managed agriculture. A wildland 

vegetation product was developed by combining all forest types, shrublands, and wetlands 

and considered everything else as non-wildland vegetation, which included urban, water, 

managed areas, and snow/ice. Lichen cover was also exclude; these areas do burn but 

at extremely low severity and in areas far from human development. Further refinements 
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could be made to integrate variability in vegetation into the WDI classification, but this was 

beyond the scope of this project. 

WDI classifications 

I developed three WDI products based on existing structural and population 

threshold definitions used for mapping the WUI. My first product mapped the WDI based 

on the US Federal Register guidelines of threshold population density for the WUI (US 

Fed). The US Federal Register outlines two different ways to measure human 

development when classifying the WUI: housing or population density, the latter of which 

was used in this study. The US Federal Register also differentiates between two types of 

WUI: intermix WUI and interface WUI. Intermix WUI is characterized by a minimum 

population density of 28-250 persons per square mile (0.69-6.03 persons/0.0625km2) in 

an area that intermingles with wildland vegetation. The interface WUI is characterized by 

a higher population density that is adjacent to large amounts of wildland vegetation, with 

a defined population density at ≥250 persons per square mile (6.03+ persons/0.0625km2). 

For the purpose of this study, there was no differentiation between the two types of WUI 

and I simply classified the US Fed WDI as areas with greater than 0.69+ 

persons/0.0625km2 in an area (pixel) classed as flammable wildland vegetation by the 

land cover data. 

The second mapped product was the WDI based on housing density criteria 

presented in Beck and Simpson's (2007) Provincial Strategic Threat Analysis (PSTA). The 

PSTA was a spatial risk analysis performed in response to the highly destructive 2003 fire 

season in BC to determine locations with the potential of a wildfire breaching the WUI. 

Using housing data from the 2004 provincial Terrain Resource Information Mapping 

(TRIM) dataset, Beck and Simpson (2007) categorized housing densities per 0.78km2 

resolution into isolated (<1), undeveloped (1-10), mixed (10-100), developed (100-1000) 

and urban (>1000). The WDI classifications for this product used the mixed and developed 

(10-1000) classes. Since the definitions are based on housing density, I developed a 

simple cross-walking procedure by multiplying the housing thresholds by 2.45, the 

average number of persons per household in BC in 2011 (Statistics Canada 2012). A 

range of 10-1000 houses/0.78km2 equates to 1.96-196.31 persons/0.0625km2. 
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Accordingly, the PSTA WDI includes locations with between 1.96 and 196.31 persons per 

pixel in an area classed as flammable wildland vegetation. 

The final product developed was based on numbers obtained from BC’s Wildfire 

Service (WS; Daniel Perrakis [WS Fire Science Officer], personal communication). The 

WS guidelines are tentative, but represent the ongoing work of the BC Wildfire Service 

and the process of mapping regions with high human-fire interactions. The BC Wildfire 

Service categorizes structure density into ten WUI strata to assign wildfire risk for 

management purposes, with each higher strata weighting twice as much as the previous. 

The ten strata classified as WS WDI occupy the range of 6-250 structures per km2 that 

translates to 0.92-38.28 persons at a 250m spatial resolution in pixels classed as 

flammable wildland vegetation, following the housing density-to-population density 

conversion utilized above. 

Map development  

To be classified as WDI, each pixel required a specified measurement of human 

development, i.e. levels of population density from Landscan according to the three 

product definitions, matched with a pixel classified as wildland vegetation according to the 

land cover classifications. All processing and mapping of the WDI was completed in 

ArcGIS 10.1 (ESRI 2013).  I first assigned integer values to the specific population density 

thresholds and then assigned 0’s and 1’s to non-wildland vegetation and wildland 

vegetation, respectively. This method allowed us to use Raster Calculator to combine the 

datasets by multiplying, where all WDI classifications would be retained if they were also 

in a pixel of wildland vegetation. 

Accuracy Assessment 

I performed an accuracy assessment to determine if the classified pixels in the 

three WDI products matched areas human development adjacent to or intermingled with 

wildland vegetation in real life or “on the ground”, a process known as ground-truthing. 

Due to high costs and time constraints, it was logistically infeasible to physically ground-

truth points across the province. Instead I used extensive databases of remotely-sensed 

imagery available through Google Earth Pro™ (hereafter Google Earth) for assessment. 
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Google Earth provides a collection of date-stamped, recent, high-resolution satellite 

images and aerial photography across the province.  

My accuracy assessment used a spatial stratification and subsampling approach. 

I generated a point layer that contained the centroid of every 250 x 250m pixel in BC and 

extracted the predicted classifications, WDI or non-WDI, from each of the three products. 

BC is a large area and mapping accuracies can vary based on the geographic variability 

in population density and land cover, the two criteria for WDI. Accordingly, I split the 

province into four sections (Figure 3.1) and randomly sampled 1% of WDI pixels and the 

same number for non-WDI pixels in each section of BC from the pixel centroid layer. For 

example, 1% of US Fed WDI pixels was sampled in southeast section, resulting in 638 

WDI points and 638 non-WDI points. I sampled each of the four sections for a total 5946 

sample points across all three of the WDI products. The main goal was to distribute sample 

points across the province, but also as a secondary objective to assess if accuracies 

differed based on geographic variability. The Southeast section contains the bulk of the 

human development in the province as it contains the entire southern provincial border of 

the province where housing development and agriculture is clustered. The other three 

sections are relatively remote with fewer population centres. There is significant 

topographic and land cover variation between and within sections. The coastal mountains 

run through three sections, creating high precipitation levels and supporting the temperate 

rainforest ecosystem through much of the Southwest and part of the Southeast sections. 

The Northwest section is dominated by alpine and sub-alpine ecosystems, with severe 

climates and fewer, smaller human communities. The Northeast section contains BC’s 

section of the expansive boreal forest of Canada, and comparably contains more natural 

resources and subsistent communities than the Northwest, though still relatively remote. 

In Google Earth, pixels were classified as WDI if the pixel contained ≥10% of 

wildland vegetation based on precise measurement using the program’s Ruler tool, and 

also contained evidence of human development in the pixel or in any neighboring pixels 

adjacent to its four rectangular sides. When looking for human development, I included 

the four neighboring pixels to account for the bilinear interpolation used to determine the 

population density value of each pixel, described above (Population data section).  In my 

WDI maps, human development was defined as a pixel where LandScan, using the 
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multiple input data layers, would allocate the location of persons. In the ground-truthing 

procedure, I considered features indicating human development to be any building 

structure, paved or forest road, trail or recreation resorts. I did not include power lines, 

railroads, logging cut blocks without roads, or pipelines, as these areas should not 

represent the location of persons. 

 

Figure 3.1. Map of British Columbia with the four sections used for validation: 
Northwest, Northeast, Southwest, and Southeast. 

Overall, producer’s, and user’s accuracy was used to quantify the agreement 

between the mapped WDI products and the ground-truth data. Overall accuracy provides 

a measure of agreement for an entire map and is calculated by summing the total number 

of correctly ‘predicted’ pixels of all classes and dividing this by the total number of pixels 

in the map (Campbell 1987). The final measure is represented as a percentage of the 

correctly predicted pixels for the entire product. For example, an overall accuracy of 87% 

would mean that 87% of all WDI mapped pixels were ground-truthed to be correct in the 

validation process. Additionally, researchers are often interested in the accuracy of 

individual thematic classes, such as WDI or non-WDI. Producer’s and user’s accuracy are 

two widely used measures of agreement for individual classes, but differ based on the 

what correctly classified pixels are measured against (Campbell 1987). Producer’s 

accuracy refers to the percentage of correctly classified pixels in an individual class (e.g., 

WDI or non-WDI) out of the ground-truthed pixels in the same class. For example, if there 
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are 125 ground-truthed WDI pixels and 80 were correctly predicted as such, the producer’s 

accuracy would be 64%. User’s accuracy, also known as reliability, refers to the 

percentage of correctly classified pixels that were predicted in the mapping process. For 

example, if 100 pixels were classified as WDI in the mapping process, and 80 were 

ground-truthed as WDI, the user’s accuracy of WDI would be 80%. The two class 

accuracies differ for purpose. As a user, the priority might be with how accurate the map 

is in classifying what we say it is, while for as a producer, the priority might be how 

accurately you classified regions on the ground. 

WDI as a predictor of human-caused ignitions 

The WUI is strongly related to the number of human-caused ignitions in BC 

(Chapter 2) and I expected that the WDI metrics would show an even stronger relationship 

due to the partitioning of population across space. I compared the explanatory power of 

each of the three WDI products with the polygon-based WUI metric used in Chapter 2 to 

determine if the WDI metrics are indeed stronger predictors of human-caused ignitions. I 

developed generalized linear models (GLMs) with a Negative Binomial distribution to 

model the effects of a single variable, proportion of WDI in each 10km pixel, against the 

number of human-caused wildfire ignitions in BC from 1990-2013. I used wildfire historical 

incidence data from the BC Wildfire Service (BC Wildfire Service 2013) and selected 

human-caused fires from 1990-2013, a time period consistent with provincial data 

collection and consistent with Chapter 2 where I assessed the drivers of human-caused 

ignitions in BC’s biogeoclimatic zones. I developed models for six regions in BC, defined 

using the Biogeoclimatic Ecoregional Classification (BEC) zones, following my methods 

in Chapter 2. The study regions correspond to the following BEC zones and zone group: 

Boreal White Black Spruce (hereafter BWBS), Coastal Western Hemlock (CWH), Interior 

Cedar-Hemlock (ICH), Ponderosa Pine + Bunchgrass + Interior Douglas-fir (PPBGIDF), 

Sub-Boreal Pine-Spruce (SBPS), and Sub-Boreal Spruce (SBS). 

3.3. Results 

Each of the three WDI products mapped a different amount of WDI in the province 

(Table 3.1). Figure 3.2 shows an example of the three WDI estimates for Williams Lake, 
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BC. The US Fed methodology had the widest threshold for WUI (0.69+ person per 

0.0625km2) and thus mapped the most area, with 7713.88 km2 (0.81%) of BC classified 

as WDI. The PSTA and BC WS had stricter guidelines and mapped 4615.56 km2 (0.49%) 

and 6217.25 km2 (0.65%) as WDI, respectively. The province of BC is sparsely populated 

overall, and not surprisingly, WDI occupied a relatively small percentage of area in the 

entire province (Table 3.1). The section covering most of BC’s southern border, the 

Southeast section, mapped the highest percentage of the WDI, containing 84.08% of BC’s 

WDI according to the US Fed method, 86.06% according to the PSTA and 84.03% 

according to the BC WS method. 

The overall accuracies of mapping the WDI/non-WDI ranged from 69.91%-

74.09%, with US Fed being the most accurate (Table 3.2). The user accuracies for pixels 

mapped as the WDI were higher than non-WDI for every product, while producer’s 

accuracies for pixels mapped as the WDI were universally lower than for non-WDI.  There 

was substantial variability in overall, user’s and producer’s accuracies between the four 

geographic sections (Appendix F). The Northwest section had highest overall accuracies 

ranging from 77.08%-91.03%, with the BC WS definitions being the most accurate. The 

overall accuracies for Northeast section ranged from 76.56%-79.63%, with the BC WS 

definitions being the most accurate again. The Southeast section had the lowest overall 

accuracies ranging from 67.34%-72.59%, with US Fed being the most accurate. The 

Southwest section was mapped with overall accuracies ranging from 81.62%-86.46%, 

with the PSTA being the most accurate. A scatter plot of the overall accuracy shows that 

the Southeast section had the lowest overall accuracy and highest proportion of WDI for 

all methods (Figure 3.3). 
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Figure 3.2. Maps of the wildland-development interface (WDI) in an example location, Williams Lake, BC, using the US 
Fed (A), PSTA (B) and BC WS (C) definitions. 

Note: WDI definitions can be found in the methods section. The inset is provided in upper right corner of plot A. 

A) B) C) 
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Table 3.1. WDI product summaries by Section (Total equals the entire 
province) showing total area, the percentage of the entire WDI, and 
the percentage of WDI for the area of the entire section. 

Product Sections Area (km2) Percent of the WDI Percent of area of the section 

US Fed Total 7713.88 100.00 0.81 

 Southwest 507.56 6.58 0.35 

 Southeast 6486.13 84.08 1.94 

 Northwest 325.56 4.22 0.11 

 Northeast 394.63 5.12 0.22 

PSTA Total 4615.56 100.00 0.49 

 Southwest 294.50 6.38 0.20 

 Southeast 3972.00 86.06 1.19 

 Northwest 145.81 3.16 0.05 

 Northeast 203.25 4.40 0.11 

BC WS Total 6217.25 100.00 0.65 

 Southwest 422.00 6.79 0.29 

 Southeast 5224.31 84.03 1.56 

 Northwest 238.50 3.84 0.08 

 Northeast 332.44 5.35 0.18 

Note: “Percent of the WDI” is the percentage of the WDI divided by the area of the entire WDI product of 
that section.  Percent of area of the section is the percentage of WDI divided by the entire area of that 
section. 

The simple comparison among the WDI products and my WUI product from 

Chapter 2 for explaining variability in human-caused fires indicated the raster-based WDI 

products generally outperformed the WUI products, but only by a small margin. I used 

proportional deviance explained (also referred to as D2) and term coefficients to assess 

and compare the relationship between human-caused ignitions, WUI and WDI. Overall, 

proportion of WDI explained slightly more variability than the polygon-based WUI product 

(Table 3.3). In the BWBS, ICH, and SBS, all WDI products explained slightly more 

variability than the polygon-based WUI. There were some exceptions; for example in the 

SBPS the polygon-based WUI explained more variability than WDI, but only for the PSTA-

based metric. In the CWH, the WS, polygon WUI, and US-Fed explained equivalent 

amount of variability, but the PSTA explained slightly lower amounts. 
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Table 3.2. Classification error matrices quantifying producer’s, user’s and 
overall accuracies of the wildland-development interface using US 
Fed, PSTA and BC WS guidelines. 

Method Classification Error Matrices 

US Fed  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 879 358 71.06% 1237 

 WDI 283 954 77.12% 1237 

 Producer's 75.65% 72.71%   

 ClassTotal 1162 1312  2474 

      

 Overall 74.09%    

      

PSTA  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 500 247 66.93% 747 

 WDI 194 553 74.03% 747 

 Producer's 72.05% 69.13%   

 ClassTotal 694 800  1494 

      

 Overall 70.48%    

      

BC WS  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 671 326 67.30% 997 

 WDI 274 723 72.52% 997 

 Producer's 71.01% 68.92%   

 ClassTotal 945 1049  1994 

      

 Overall 69.91%    

Note: Calculations for overall, user’s and producer’s accuracy described in the Methods section. PredTotal = 
the total number predicted pixels. ClassTotal = the total number of classified pixels. 
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Figure 3.3. The overall accuracy of mapping the wildland-development interface 
decreases as proportion of wildland-development interface 
increases, for each of the three mapping methods. The US Fed 
method is shown in light grey (●), the PSTA is in dark grey (●), and 
the WS method is shown in black (●)  
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Table 3.3. The term coeffiecients (β) and proportion of deviance explained (D2) 
by the proportion of WDI in regression analysis with the number of 
human-caused wildfire ignitions from 1990-2013 in British 
Columbia’s BEC zones. 

BEC Zone Product β p D2 

BWBS     

 Polygon 78.49 <0.001 0.06 

 US Fed 60.61 <0.001 0.10 

 PSTA 102.86 <0.001 0.08 

 BC WS 70.22 <0.001 0.10 

CWH     

 Polygon 9.45 <0.001 0.16 

 US Fed 11.03 <0.001 0.16 

 PSTA 16.23 <0.001 0.13 

 BC WS 13.90 <0.001 0.16 

ICH     

 Polygon 11.64 <0.001 0.16 

 US Fed 18.82 <0.001 0.18 

 PSTA 28.03 <0.001 0.17 

 BC WS 21.83 <0.001 0.18 

PPBGIDF     

 Polygon 4.10 <0.001 0.16 

 US Fed 8.46 <0.001 0.21 

 PSTA 11.99 <0.001 0.18 

 BC WS 10.49 <0.001 0.20 

SBPS     

 Polygon 146.30 <0.001 0.21 

 US Fed 57.60 <0.001 0.25 

 PSTA 88.02 <0.001 0.18 

 BC WS 63.74 <0.001 0.24 

SBS     

 Polygon 11.97 <0.001 0.10 

 US Fed 23.61 <0.001 0.13 

 PSTA 32.09 <0.001 0.11 

 BC WS 29.41 <0.001 0.13 

Note: All models were fit with a negative binomial GLM. Abbreviations are: BWBS, Boreal White Black Spruce; CWH, 
Coastal Western Hemlock; ICH, Interior Cedar-Hemlock; PPBGIDF, Ponderosa Pine – Bunchgrass – Interior Douglas-
fir; Sub-Boreal Pine-Spruce; SBS, Sub-Boreal Spruce. 
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Overall, almost all WDI metrics had a larger term coefficient and thus a stronger 

effect size on human-caused ignitions than the polygon-based WUI map. However, this 

pattern was not universal, for example in the BWBS, the polygon-based WUI map had a 

stronger effect than LandScan-based WDI map with the same criteria, US Fed, as well as 

the BC WS WDI. As expected, all term coefficients were positive meaning that the number 

of human-caused wildfire ignitions increased with an increase in the proportion of WUI or 

WDI.  

3.4. Discussion 

Maps of the wildland-development interface (WDI) provide information that can 

contribute to effective fire management and improved understanding of the spatial 

dynamics of human-caused wildfire ignitions. Here I provide evidence and reinforce 

previous work (Theobald and Romme 2007, Haas et al. 2013) suggesting that dasymetric 

maps of human development are an effective method to identify an index of human 

development intermixed with wildland vegetation, an area I call the WDI. The relatively 

high agreement (61.34-91.03%, for all sections) found between the mapped WDI 

classifications and ground-truthed validation points means that the range of areas 

classified as WDI by the three products (4615.56-7713.88 km2, or 0.49-0.81% of the entire 

province) are useful estimates of the WDI. The WDI footprint in the province could provide 

a baseline for targeting areas for preventive fuel treatment or other fire management 

activities such as fire management planning. Moreover, I provide a spatially resolved 

product that can be used to estimate spatial variability of human-caused ignitions, as an 

alternative to the polygon-based WUI. I provide an example of a meso-scale mapping 

approach that can be further enhanced to contribute important information to wildfire 

management and complement finer-scaled time-intensive mapping initiatives on a 

regional and national scale.  

Accuracy assessment was conducted by sampling across four quadrants of the 

province to distribute sample points geographically and assess the strengths and 

weaknesses of my mapping approach. The WDI classification accuracy was highest in 

remote regions with low proportion WDI, while accuracy decreased in more developed 

areas. The misclassification of WDI in the more highly developed Southeast section of the 
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province likely occurred for two reasons: 1) pixels mapped as WDI were near wildland 

vegetation but did not contain 10% in the ground-truthing, or 2) pixels mapped as WDI 

were in areas with managed vegetation, such as agriculture, according to Google Earth. 

Accordingly, improvements to WDI mapping in more developed sections of the province 

may require more accurate land cover or fuel data, though this is speculative. Regardless, 

the high accuracy of WDI in more remote sections provides a sound first step in accurately 

identifying key areas of potential human-fire interactions in sparsely developed areas of 

the province. Since much of Canada’s forested north contains sparse and spatially 

clustered human populations, my WDI metric may provide a useful first step for mapping 

the WDI across Canada.  

The WDI is based on an estimate of spatially distributed persons, rather than 

residential housing structures, and my aim was to map the interface of human activity, 

including urban areas, natural resource extraction and recreational activities. When 

assessing accuracy for the three products I defined the WDI as a place with evidence of 

many forms of human activity in wildland vegetation. I found hydroelectric dams, ski and 

golfing resorts, and centres of mining activity captured by my mapping efforts. The 

footprints of recreational activities, infrastructure for timber and mining industries, and 

hydroelectric dams are extensive in BC and have the potential to be damaged or destroyed 

by a catastrophic wildfire event. The inclusion of the WDI-type mapping in wildfire risk 

analysis has the potential to broaden the focus beyond the urban interface and capture 

areas that would otherwise be overlooked in traditional WUI mapping. 

The WUI is a key variable that explains spatial patterns of human-caused wildfire 

ignitions in BC (Chapter 2), and I expected the WDI to marginally improve the metric’s 

explanatory power. In comparison to the zonal WUI metric, the pixel-based WDI captures 

human-fire interactions outside of the urban realm and into other land use practices, such 

as logging or escaped campfires, and provides a more spatially resolved estimate of 

human presence in remote regions. However the improvement in deviance explained was 

relatively minor. Though presence of ignitions is key factor describing wildfire ignitions 

patterns, many regions are often limited by the presence of flammable fuel, and both WDI 

and WUI assumed probability of fire was equal in vegetation types. Ranking low-, 

moderate- and high-risk WDI according to vegetation type could significantly improve the 
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explanatory power of the WDI, especially in areas with large census blocks and relatively 

sparse populations. Removing the WUI-based population thresholds might also improve 

the explanatory power of the WDI. I built my WDI off of previous definitions, but perhaps 

focusing on areas with a population of ≥ 1 might capture a human-fire index I was looking 

for. Further improved understanding of the spatial distribution of human-caused wildfires 

has the potential to improve the allocation of fire management resources and reduce the 

socioeconomic costs of human-caused wildfires in BC.  

My results contribute to wildfire research on human-fire interactions, and there are 

numerous ways that the WDI could be improved or extended. First, wildfire risk is not 

uniform in all types of wildland vegetation. Certain vegetation types are more support the 

ignition process than others (Krawchuk et al. 2006). Ranking the vegetation types 

according to the fire behaviour they support is a method that has been implemented in 

previous WUI research (see Beck and Simpson 2007, Theobald and Romme 2007, Haas 

et al. 2013) and is the logical next step for my work. Beck and Simpson (2007) used the 

Canadian Forest Fire Danger Rating System (CFFDRS) fuel inputs with the BC fuel layer 

map to rank interface breach potential. A similar scheme with information from the 

CFFDRS could improve the WDI products in predicting human ignitions or human-caused 

fire occurrence. I also chose to define my products based on the 24-hour ambient 

population, not structures, to capture human-fire interactions for both a residential and 

non-residential setting. However, in essence I still classified regions with human 

infrastructure. Though ambient population is a reasonable proxy for human development, 

there are potentially more direct methods to improve the index for human footprint. 

Nighttime lighting has been studied extensively (Amaral et al. 2005, 2006) and was even 

incorporated in previous LandScan products (Dobson et al. 2000), although the nighttime 

lights input data layer was not one of the best predictors of population. It is important to 

note, however, that LandScan is attempting to predict ambient population rather than 

structures, and the use of nighttime lighting might be helpful for dasymetric mapping of 

structure locations. A very high-resolution LandScan product exists for the United States 

that directly incorporates ancillary data such as locations of schools, airports, jails, 

recreational areas, as well as labor statistics to estimate the economic influences in the 

region. A similar approach in Canada would likely increase the accuracy and practicality 

of a human index in relation to fire.  
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Google Earth is a free, easily accessible platform that provides an archive of 

satellite imagery and aerial photography but there are caveats associated with its use as 

a validation tool. The clear majority of validation images used in Google Earth were from 

2011 to match the year of my 2011 WDI product. However, the 2011 imagery was not 

always available in Google Earth. This can provide misleading validation conclusions, as 

land use and land cover change is sometimes very rapid, leading to false positives or 

negatives in imagery used from different years. Regardless, I contribute the WDI metrics 

as one tool in the fire management and planning toolbox to be used as a complement to 

existing information. 

Wildfire management, risk analysis and modelling of human-caused wildfire 

ignitions are all parts of our evolving understanding of the human-fire dynamic in BC. The 

idea of the WUI or WDI is on the forefront of understanding human-fire interactions in any 

region where fire occurs at regular intervals, as these regions receive the bulk of human-

fire interactions. By incorporating the fusion of multiple data layers, I offer an accurate, 

cost-effective method for mapping human presence in BC. Though pricing of LandScan is 

conducted on a case-by-case basis, public and institutional licenses tend to be more 

economical than the costs of manually identify structures from high-resolution imagery. 

My general WDI method could be extended across Canada, using both LandScan and 

Natural Resources Canada’s Land Cover Time Series data. Large areas of Canada’s fire-

prone forests fall within large census dissemination blocks, where the WDI accuracy was 

the highest and would be a potentially more informative metric than the census-based 

approach. Additionally, LandScan is frequently updated (Oak Ridge National Laboratory 

2012) allowing for easy revisions to account for land cover change in future years where 

development is expected to continue to encroach into wildlands and in many areas where 

fire-return intervals are predicted to decrease as a result of climate change. 
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Chapter 4.  
 
General Discussion 

Building an understanding of human-fire interactions is a necessary component of 

living in fire-prone ecosystems, such as those we have in British Columbia (BC). In this 

thesis, I explored the systematic heterogeneity of drivers of contemporary, non-

prescriptive human-caused fire ignitions among BC’s biogeoclimatic zones and used 

readily available and spatially explicit datasets to map an extension of the WUI, an area 

called the wildland-development interface (WDI). Together, these two studies contribute 

novel information on human-caused fire in BC and my aim is that this information be used 

to complement existing fire management products and strategies. 

I found that the relative importance of human influence variables was related to the 

population of BC’s biogeoclimatic zones. The occurrence of human-caused fires in zones 

with high human footprint was not regulated by variables measuring human influence, but 

rather by vegetation and fire-conducive climatic conditions. In contrast, the number of 

human-caused ignitions in remote biogeoclimatic zones with relatively low human footprint 

was sensitive to all aspects of human influence, and statistical models retained all 

measures of human development and land use. But overall, the WUI was clearly the most 

influential variable in explaining variability in human-caused ignitions across BC. This 

reinforces the findings of previous work that suggest that the edge of human development 

is a major factor associated with human-caused fire (Cardille et al. 2001, Sturtevant and 

Cleland 2007, Syphard et al. 2007). My results suggest that fire ecologists and managers 

should consider several types of candidate variables for modelling fire occurrence based 

on local and regional characteristics of the study or management area. Researchers 

aiming to model human-caused fire in the remote areas of Canada should take strides to 

capture multiple aspects of human activity in the region, as these variables will likely 

explain the most variability in ignition patterns. In areas with higher human footprint, a 

region of special concern when attempting to reduce structure loss, I suggest that 

capturing variability in fire weather and resource availability is of the utmost importance. 

Regardless of human footprint, a metric representing the WUI or WDI is essential for 
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effectively modelling human-caused wildfire in BC and should be included in future 

studies, preferably using a metric similar to the WDI described in Chapter 3.  

I attempted to fill a gap in fire management research in BC by mapping areas of 

residential and non-residential human development that are in proximity to wildlands.  I 

named this region the wildland-development interface (WDI), an extension of the WUI that 

attempts to capture structures linked to natural resource extraction and other land-use. 

Areas classified as WDI may require fuel treatment to reduce fire hazard (e.g. Agee and 

Skinner 2005), and are also identified as areas with higher probabilities of human-caused 

ignitions. The data sources I used offer the potential for easy updating in future yearsas 

well as the opportunity to map and estimate the WDI across vast areas in a relatively 

efficient fashion. The WDI needs further refinement and might be improved by 

incorporating additional data layers, such as fuel types from Canadian Forest Fire 

Behavior Prediction system or a layer explicitly mapping structure locations at a standard 

spatial scale. As a first pass for mapping the WDI over large regions, the metric shows 

great promise. It would be interesting and useful to use my basic techniques to map the 

WDI across Canada, particularly in the boreal north where the vast area and large census 

blocks are problematic for other methods of mapping the wildland-human interface.  

Overall, the findings in my thesis contribute to the growing body of research 

examining human-fire interactions in BC. The need to research human-fire interactions is 

growing in BC, as it is suggested that the expansion of human development coupled with 

climate change will lead to an increase in human-caused fire frequency in many regions 

of the province (BC Wildfire Management Branch 2012). Increased human-caused fire 

frequency has the potential to negatively affect both human and natural systems, the 

former as risk of structural damage or lives lost, the latter for ecosystem conservation. The 

threat to human and natural communities from human-caused wildfire is a real and entirely 

human problem. By understanding the variability of regional drivers of human-caused 

wildfire and outlining the critical areas for human-fire interactions, fire managers can 

modify strategic management plans accordingly to build and manage fire-adapted 

socioecological communities. 
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Appendix A.  
 
The number of human-caused fires British Columbia from 1990-2013 at a 10 x 
10km spatial resolution. 
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Apprendix B. 
 
Generalized Linear Model Results 

Table B.1. Final model results of human ignitions modeled by human and 
biophysical variables in the Boreal Black White Spruce (BWBS) BEC 
Zone of British Columbia. 

BWBS (n=1718)         

Variable Estimate 
Std. 
Error 

z 
value p ΔAIC VIF 

β 
rank 

ΔAIC 
rank 

Final 
rank 

WUI 1.94 0.19 10.47 <0.001 42.2 1.04 1 2 1.5 

Logging 0.79 0.10 8.05 <0.001 51.5 1.21 3 1 2 

Unpaved 0.77 0.11 6.79 <0.001 40.6 3.53 4 3 3.5 

Paved 1.24 0.31 3.93 <0.001 12.3 4.13 2 6 4 

Slope 0.58 0.15 3.93 <0.001 13.2 2.52 5 5 5 

Rec. Areas 0.41 0.12 3.55 <0.001 17.3 1.21 6 4 5 

Summer PPT -0.33 0.16 -2.10 <0.05 2.9 1.32 7 7 7 

Summer Temp 0.29 0.14 2.16 <0.05 2.8 3.24 8 8 8 

Conifer -0.19 0.08 -2.29 <0.05 2.7 3.74 9 9 9 

Decid 0.09 0.04 2.19 <0.05 2.4 3.53 10 10 10 

Mixedwood -0.09 0.04 -2.00 <0.05 1.6 1.89 11 11 11 

AIC 3173.5         

D-squared 0.50         
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Table B.2. Final model results of human ignitions modeled by human and 
biophysical variables in the Coastal Western Hemlock (CWH) BEC 
Zone of British Columbia. 

CWH (n=1174)         

Variable Estimate 
Std. 
Error 

z 
value p ΔAIC VIF 

β 
rank 

ΔAIC 
rank 

Final 
rank 

Summer Temp 1.22 0.13 9.50 <0.001 84.3 3.55 1 2 1.5 

Summer PPT -0.71 0.06 -12.17 <0.001 154.2 1.29 2 1 1.5 

Mixedwoods 0.55 0.09 5.91 <0.001 30.8 1.29 3 3 3 

Conifer 0.51 0.10 5.24 <0.001 20.4 2.69 4 5 4.5 

Elevation 0.48 0.09 5.34 <0.001 24.8 2.09 5 4 4.5 

Wetlands 0.42 0.12 3.62 <0.01 11.3 1.35 6 6 6 

Decid 0.23 0.07 3.33 <0.001 8.2 2.31 7 7 7 

Rec. Areas 0.08 0.03 2.68 <0.01 6.3 1.11 10 8 9 

SW 0.13 0.06 2.20 <0.05 3.1 1.30 9 9 9 

Unpaved  0.20 0.08 2.40 <0.05 2.9 2.33 8 10 9 

WUI 0.06 0.03 2.19 <0.05 2.1 2.68 11 11 11 

AIC 3297.1         

D-squared 0.62         
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Table B.3. Final model results of human ignitions modeled by human and 
biophysical variables in the Interior Cedar-Hemlock (ICH) BEC Zone 
of British Columbia. 

ICH (n=652)         

Variable Estimate 
Std. 
Error z value p ΔAIC VIF 

β 
rank 

ΔAIC 
rank 

Final 
rank 

Summer 
Temp 1.12 0.09 12.45 <0.001 145.50 1.67 2 1 1.5 

Mixedwoods -1.17 0.28 -4.16 <0.001 16.20 1.13 1 3 2 

WUI 0.31 0.05 6.69 <0.001 31.10 1.26 3 2 2.5 

Logging 0.17 0.04 4.01 <0.001 11.40 1.15 4 4 4 

SW -0.14 0.04 -3.44 <0.001 9.50 1.27 5 5 5 

Trail -0.12 0.05 -2.34 <0.05 3.80 1.24 6 6 6 

AIC 2369.8         

D-squared 0.39         
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Table B.4. Final model results of human ignitions modeled by human and 
biophysical variables in the Ponderosa Pine-Bunchgrass-Interior 
Douglas-fir (PPBGIDF) BEC Zone of British Columbia. 

PPBGIDF (n=544)         

Variable Estimate 
Std. 
Error z value p ΔAIC VIF 

β 
rank 

ΔAIC 
rank 

Final 
rank 

Conifer 0.42 0.07 5.75 <0.001 32.6 3.06 3 3 3 

Summer 
Temp 0.55 0.10 5.39 <0.001 26.5 4.32 2 4 3 

Summer 
PPT -0.77 0.15 -5.07 <0.001 25.2 1.16 1 5 3 

Shrub 0.38 0.05 8.41 <0.001 79.9 2.35 5 1 3 

WUI 0.14 0.02 6.69 <0.001 43.9 1.63 6 2 4 

Elevation -0.40 0.16 -2.47 <0.05 4.4 4.75 4 6 5 

AIC 3594.9         

D-squared 0.42         
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Table B.5. Final model results of human ignitions modeled by human and 
biophysical variables in the Sub-Boreal Pine-Spruce (SBPS) BEC 
Zone of British Columbia. 

SBPS (n=241)         

Variable Estimate 
Std. 
Error 

z 
value p ΔAIC VIF 

β 
rank 

ΔAIC 
rank 

Final 
rank 

WUI 4.90 1.10 4.43 <0.001 36.49 1.03 1 1 1 

Summer 
PPT -1.44 0.28 -5.10 <0.001 29.57 1.53 2 2 2 

Decid 1.11 0.27 4.13 <0.001 15.80 1.14 3 3 3 

Unpaved  0.29 0.10 2.81 <0.01 5.62 1.47 4 4 4 

SW 0.19 0.10 1.96 <0.05 1.40 1.15 5 5 5 

AIC 943.75         

D-squared 0.39         

 

  



 

70 

Table B.6. Final model results of human ignitions modeled by human and 
biophysical variables in the Sub-Boreal Spruce (SBS) BEC Zone of 
British Columbia 

SBS (n=1099)         

Variable Estimate 
Std. 
Error 

z 
value p ΔAIC VIF 

β 
rank 

ΔAIC 
rank 

Final 
rank 

Paved 1.06 0.13 8.09 <0.001 59.9 1.87 1 1 1 

Decid 0.44 0.06 7.64 <0.001 54.7 4.19 6 2 4 

Shrub 0.51 0.08 6.12 <0.001 33.5 5.12 4 4 4 

Conifer 0.62 0.15 4.09 <0.001 14.2 8.43 3 7 5 

SW 0.32 0.04 7.27 <0.001 47.9 3.82 7 3 5 

Rangelands 0.93 0.31 2.98 <0.01 6.7 1.05 2 9 5.5 

Summer Temp 0.48 0.12 3.82 <0.001 13.7 1.87 5 8 6.5 

WUI 0.23 0.04 5.32 <0.001 17.1 1.28 8 5 6.5 

Rec. Area 0.13 0.03 4.54 <0.001 14.5 1.02 9 6 7.5 

AIC  3950.3         

D-squared 0.39         
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Appendix C.  
 
Means and standard deviations (SD) of predictor variables for each of the six biogeoclimatic zones of British Columbia. 

Zone Paved SD Unpaved  SD WUI SD Rec. Areas SD Logging SD Rangelands SD Trails  SD 

BWBS 0.02 0.03 0.32 0.32 0.00 0.01 0.00 0.00 0.02 0.04 0.00 0.03 0.01 0.01 

CWH 0.10 0.25 0.41 0.40 0.02 0.10 0.00 0.00 0.09 0.11 0.00 0.00 0.01 0.02 

ICH 0.05 0.06 0.66 0.41 0.01 0.05 0.00 0.00 0.12 0.11 0.00 0.01 0.05 0.05 

PPBGIDF 0.12 0.10 1.31 0.41 0.05 0.12 0.00 0.00 0.13 0.12 0.10 0.17 0.10 0.09 

SBPS 0.02 0.02 0.94 0.44 0.00 0.00 0.00 0.00 0.09 0.10 0.01 0.03 0.03 0.04 

SBS 0.04 0.04 0.83 0.51 0.01 0.04 0.00 0.00 0.14 0.13 0.00 0.01 0.04 0.04 

               

Zone Conifer SD Mixedwood SD Decid SD Shrub SD Wetland SD 
Summer 
Temp SD Summer PPT SD 

BWBS 0.52 0.27 0.21 0.17 0.07 0.11 0.04 0.07 0.05 0.06 13.14 1.49 208.51 40.88 

CWH 0.66 0.19 0.04 0.06 0.04 0.05 0.05 0.06 0.01 0.01 13.50 1.41 340.36 139.16 

ICH 0.74 0.17 0.02 0.02 0.04 0.04 0.07 0.06 0.01 0.01 12.98 1.48 236.28 55.06 

PPBGIDF 0.54 0.23 0.00 0.00 0.02 0.03 0.26 0.15 0.01 0.01 14.28 1.70 142.31 27.89 

SBPS 0.50 0.21 0.00 0.00 0.01 0.02 0.36 0.16 0.00 0.00 11.82 0.81 159.10 34.78 

SBS 0.65 0.19 0.02 0.03 0.06 0.08 0.13 0.12 0.01 0.01 12.81 0.91 183.79 39.53 

               

Zone Elevation SD Slope SD SW SD         

BWBS 778.65 248.88 12.24 10.21 0.05 0.09         

CWH 513.28 317.54 42.89 17.46 0.03 0.05         

ICH 1127.61 334.36 34.81 13.13 0.05 0.08         

PPBGIDF 1048.90 229.88 22.22 13.22 0.04 0.07         

SBPS 1163.68 136.56 8.05 3.37 0.03 0.05         

SBS 944.12 161.72 14.75 9.11 0.06 0.11         
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Appendix D.  
 
Sizes of 2011 Canadian census dissemination blocks in British Columbia. 

 

 

Note: Area is coloured from lighter green to darker green with increasing area. Area is shown in 
square kilometers. BC Diss. Blocks refers to dissemination blocks, the smallest Canadian census 
unit. BC inset map is shown in the lower left corner. 
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Appendix E.  
 
Validation of post-projected and resampled LandScan population data at different 
randomly selected sampling areas. 

Zone n mean pop. mean diff. mean % of diff. % mean diff of mean pop. 

100 km 10 7068.30 689.82 41.90% 9.76% 

50 km 10 1208.70 134.68 30.29% 11.14% 

25km 25 276.20 60.92 46.97% 22.06% 

10km 50 92.72 8.10 39.56% 8.74% 

5km 200 22.05 2.67 23.58% 12.12% 

BC 1 4427912.00 1164.00 0.03% 0.03% 

Note: Zone: sampling area/size; n: the number of randomly selected sample grids; mean pop: the average 
population within each zone or grid unit; mean diff: averaged difference of original LandScan population and 
resampled population for each samples; mean % of diff.: the difference between original LandScan and 
resampled population divided by the original LandScan, then averaged between all samples; % mean of diff 
of mean pop.: the mean % of diff. divided by the mean pop
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Appendix F.  
 
Classification Error Matrices for the three WDI products 

Table F.1. Classification error matrices quantifying producer’s, user’s and overall accuracies of the wildland-
development interface using US Fed in the Northeast section. 

Quadrant Classification Error Matrices         

Northeast  Ground-truthed   Northwest  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal  Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 52 12 81.25% 64  Non-WDI 51 2 96.23% 53 

 WDI 18 46 71.88% 64  WDI 17 36 67.92% 53 

 Producer's 74.29% 79.31%    Producer's 75.00% 94.74%   

 ClassTotal 70 58  128  ClassTotal 68 38  106 

            

 Overall 76.56%     Overall 82.08%    

Southeast  Ground-truthed   Southwest  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal  Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 705 333 67.92% 1038  Non-WDI 71 11 86.59% 82 

 WDI 236 802 77.26% 1038  WDI 12 70 85.37% 82 

 Producer's 74.92% 70.66%    Producer's 85.54% 86.42%   

 ClassTotal 941 1135  2076  ClassTotal 83 81  164 

            

 Overall 72.59%     Overall 85.98%    
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Table F.2. Classification error matrices quantifying producer’s, user’s and overall accuracies of the wildland-
development interface using PSTA guidelines by geographic quadrants. 

Quadrant Classification Error Matrices         

Northeast  Ground-truthed   Northwest  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal  Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 30 9 76.92% 39  Non-WDI 21 3 87.50% 24 

 WDI 7 32 82.05% 39  WDI 8 16 66.67% 24 

 Producer's 81.08% 78.05%    Producer's 72.41% 84.21%   

 ClassTotal 37 41  78  ClassTotal 29 19  48 

            

 Overall 79.49%     Overall 77.08%    

Southeast  Ground-truthed   Southwest  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal  Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 411 225 64.62% 636  Non-WDI 38 10 79.17% 48 

 WDI 176 460 72.33% 636  WDI 3 45 93.75% 48 

 Producer's 70.02% 67.15%    Producer's 92.68% 81.82%   

 ClassTotal 587 685  1272  ClassTotal 41 55  96 

            

 Overall 68.47%     Overall 86.46%    
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Table F.3.  Classification error matrices quantifying producer’s, user’s and overall accuracies of the wildland-
development interface using BC WS guidelines by geographic quadrants. 

Quadrant Classification Error Matrices         

Northeast  Ground-truthed   Northwest  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal  Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 41 13 75.93% 54  Non-WDI 37 2 94.87% 39 

 WDI 9 45 83.33% 54  WDI 5 34 87.18% 39 

 Producer's 82.00% 77.59%    Producer's 88.10% 94.44%   

 ClassTotal 50 58  108  ClassTotal 42 36  78 

            

 Overall 79.63%     Overall 91.03%    

Southeast  Ground-truthed   Southwest  Ground-truthed   

 Predicted Non-WDI WDI User's PredTotal  Predicted Non-WDI WDI User's PredTotal 

 Non-WDI 537 299 64.23% 836  Non-WDI 56 12 82.35% 68 

 WDI 247 589 70.45% 836  WDI 13 55 80.88% 68 

 Producer's 68.49% 66.33%    Producer's 81.16% 82.09%   

 ClassTotal 784 888  1672  ClassTotal 69 67  136 

            

 Overall 67.34%     Overall 81.62%    

 


