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Abstract

Rapid suppression, or initial attack (IA), is the primary method of managing new fires, with
relatively low costs and high containment rates. Factors contributing to containment are well
understood, but consequences for the landscape-level distribution of fire risk are not. This
research introduces a method of assessing IA impacts using spatially-explicit burn probability
(BP) analysis, and applies it to a study area in Kootenay National Park. BP is assessed with and
without the influence of suppression by combining the Burn-P3 model with a stochastic
probability of containment algorithm.
Results indicate IA impacts are spatially heterogeneous. Suppression was most effective in
recently burned areas, whereas mature, contiguous fuels moderated its influence. IA was least
effective in the management zone where natural fire is not permitted, suggesting supplementary
tactics may be appropriate. Managers can use this method to compare emergent, fine-scale
consequences of fire management policy and increase long-term management effectiveness.
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Introduction

Wildfire suppression operations consume massive public resources to protect public
safety and infrastructure. Canadian agencies spend some C$800 million annually on suppression
alone (Canadian Council of Forest Ministers, 2016), and the total economic burden from
wildfires in the United States is estimated between US$71 billion and $347 billion (Thomas,
Butry, Gilbert, Webb & Fung, 2017). Fire management agencies spends three times more than
30 years ago yet annual area burned has continued to increase (United States Department of
Agriculutre, 2015).
Fire costs are not only monetary. On average, there are 18 wildland firefighter fatalities
each year in the USA (Mangan, 2007) and 2 in Canada (Alexander & Buxton-Carr, 2011).
Suppression continues to leave a pervasive legacy across landscapes, changing the distribution of
vegetation and wildlife, altering hydrological cycles, and increasing the threat of future wildfires
(Keane et al., 2002).
However, it remains unclear exactly how much suppression programs lower fire risk to
communities, infrastructure, and other values. Aggressive suppression programs undoubtedly
reduce the threat of fire damage over the course of a fire season, but do not eliminate it. The
roughly 3% of wildfires that escape control efforts account for 97% of suppression spending and
total area burned (Stocks et al., 2002; USDA, 2015). The risk posed by escaped fires is not
uniform across the landscape. Fire occurrence likelihood at a given point arises from the
combination of spatiotemporal ignition patterns, the surrounding fuel matrix, fire weather, and
management response.
The concept of ‘risk’ in fire management can be ambiguous (Bachmann & Allgöwer,
2001). A comprehensive account would include likelihood of fire occurrence, severity, and
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ecological, social, and economic consequences, both positive and negative (Miller & Ager,
2013). Significant obstacles remain to comprehensive risk analysis, including the difficulty of
quantifying the value of non-market resources and their response to fire (Thompson & Calkin,
2011). This paper uses ‘fire risk’ in a modest sense: the likelihood of fire occurring at a given
point over the course of a single fire season. ‘Values-at-risk’ are social, ecological, and cultural
assets or resources that would be damaged by fire occurrence.
Better Decision-Making Through Burn Probability
Recent advances in fire simulation modelling can be used to evaluate the likelihood of
fire occurrence across a landscape – hereafter, burn probability (BP) (Miller & Ager, 2013;
Parisien et al., 2005). Burn probability is the result of complex interactions of topography, fuels,
weather, and ignitions. Spatially-explicit burn probability analyses include implicit assumptions
regarding fire response and are often used to evaluate potential fuel modification projects or
position fire control resources (Miller, Parisien, Ager & Finney, 2008). However, they have not
been used to directly investigate the effect of suppression.
A better understanding of the interplay between fire risk and suppression can improve fire
management decision-making. Quantifiable risk reduction due to suppression can provide
justification for the costs of maintaining fire crews, bases, and equipment. Fire managers could
bolster resources where suppression significantly reduces the threat to values-at-risk, and pursue
supplementary strategies where suppression is less effective.
Understanding risk and suppression can also help untangle urgent dilemmas in fire
management. A new wildfire presents an immediate hazard, but generally lowers subsequent fire
risk by removing fuel, maintaining landscape heterogeneity, and preserving key ecological
processes (Parks, Miller, Holsinger, Baggett & Bird, 2015). During particularly active fire
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seasons, these benefits are realized inadvertently as fire behavior overwhelms suppression
capacity. In quieter seasons, fire managers decide which ignitions present a net benefit and can
be left to burn. While fire management agencies increasingly encourage alternatives to initial
attack, research suggests fire managers exhibit disproportionate aversion to short-term risk
(Hand, Wibbenmeyer, Calkin & Thompson, 2015).
Burn probability is a standard metric in fire management, and can provide an independent
assessment of risk-to-values resulting from suppression policies. Fire managers can compare
strategies that use different criteria to decide which fires to suppress, and assess fine-scale spatial
variation in resulting burn probability.
This study presents a technique to estimate how initial attack suppression influences fire
risk across landscapes, using burn probability as a risk metric. The technique is applied to a
study area in Kootenay National Park in the Canadian Rockies, with the objective of assessing
suppression effectiveness and its spatial variability. Specifically, the Burn-P3 fire model is used
to calculate study area BP with and without simulated IA suppression. Resulting BP maps are
analyzed to reveal spatial patterns in suppression effectiveness and management implications.
The principle advantage of this approach is the inclusion of suppression strategy as independent
variable, which permits managers to compare alternate policies and estimate emergent outcomes.
A Review of Wildfire Risk Modelling and Suppression
The Success of Initial Attack
For the past century, fire management agencies have endeavored to quickly extinguish
most new ignitions while they are small and require few resources (Pyne, 2011). This phase of
suppression is initial attack (IA). Ignitions given time to accelerate can burn large areas at high
intensities, threaten values-at-risk across the landscape, and prove costly and difficult to control.
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Initial attack operations in North America are overwhelming effective. In Canada, 90%
of ignitions are suppressed and 97% remain below 200 hectares (Canadian Interagency Forest
Fire Centre, 2016; Stocks et al., 2002). The United States has less wilderness and consequently
more suppression: 99.6% of wildfires are suppressed and 98% contained below 120 hectares
(National Interagency Fire Center, 2015). The small percentage of fires that escape initial
control generally spread under extreme weather conditions, account for most area burned, and,
due to the legacy of suppression, encounter increasingly homogenous fuel complexes (Calkin,
Thompson & Finney, 2015).
Predicting Fire Containment
Because nearly all fire damage results from the relatively few ignitions that escape initial
attack, there is a body of research on how to predict these fires. In Canada, IA success is defined
as containing a new fire below 2 to 4 hectares in size, depending on provincial jurisdiction
(CCFM, 2014). Arenti, Cumming and Boutin (2006) reviewed 1,196 fires in the boreal forest
and found that fire size at IA and extreme fire weather conditions are significant indicators of
containment failure. Hirsch, Corey and Martell (1998) developed a containment prediction
algorithm using size at IA and fire intensity, based on expert opinion interviews with experienced
IA crew leaders.
Predicting the results of post-IA suppression operations is more difficult. Large fires
span heterogeneous topography, fuels, weather, and suppression tactics, and fireline construction
usually occurs simultaneously in multiple locations for extended lengths of time. Finney,
Grenfell and McHugh (2009) found that long periods of low fire spread were good predictors of
containment success, while, somewhat surprisingly, fire size alone was not.
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Based on these observations, an analysis of fire suppression impacts could limit its scope
to initial attack, due to the outsized influence on modern fire regimes and relative simplicity of
predicting containment. Areas threatened by an escaped wildfire are at greater risk of fire
occurrence, even assuming subsequent suppression efforts.
Modelling Fire Risk
Advancements in fire behavior modelling and computing power allow researchers to
calculate spatially-explicit risk from escaped wildfires. Burn probability models, like Burn-P3
(probability, prediction, and planning) in Canada and FSim (large-fire simulation system)
(Finney, McHugh, Grenfell, Riley & Short, 2011b) in the USA, combine deterministic fire
growth simulation with stochastic weather and ignitions. They employ a Monte Carlo technique
to simulate large numbers of fires on a landscape, and record the number of times each pixel
burns. Results reveal emergent patterns of wildfire likelihood otherwise difficult to discern, such
as firesheds and fire shadows (Thompson, Scott, Kaiden & Gilbertson-Day, 2013).
Previous studies have used Monte Carlo simulations to successfully predict wildfire
outcomes in complex systems with many interactions (Finney et al., 2011a; Kalos & Whitlock,
2008). Burn-P3 is commonly used in Canada to identify optimal locations for fuel modification
or prescribed fires, such as in Parisien, Junor and Kafka (2008). Recently, the model has been
applied to more abstract inquiries, such as isolating the relative influence of fuels, weather, and
topography through artificial landscapes (Parisien, Miller, Ager & Finney, 2010), or anticipating
regional impacts of climate change (Wang et al., 2016). Houtman et al. (2013) used a related
Monte Carlo approach to demonstrate that allowing a given wildfire to burn can result in
substantially reduced suppression costs in the future. Burn probability studies have not,
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however, assessed likely consequences of suppression policy, or incorporated robust models of
initial attack containment.
Study Area
The study area is the Vermilion Valley in Kootenay National Park, part of a UNESCO
World Heritage Site in the Canadian Rocky Mountains (Figure 1). The Vermilion Valley is a
mountainous subalpine region of 75,192 hectares on the west side of the continental divide.
Forests consist primarily of Engelmann spruce (Picea engelmannii), subalpine fir (Abies
lasiocarpa), white spruce (Picea glauca), and lodgepole pine (Pinus contorta) (Masters, 1990).
The region is largely comprised of wilderness, but is bisected by an interprovincial highway and
contains several hiking trails, campsites, a small lodge, and a gift shop.

Figure 1. The study area of Vermilion Valley of Kootenay National Park, British Columbia.
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Fire season extends from May to September, though most ignitions are sparked by
lightning storms during July and August. The majority of area burned is contributed by large,
infrequent, stand-replacing fires that spread under extreme weather conditions. Small, lower
intensity surface fires are more frequent but do not consume large areas (Masters, 1990; Hallett
& Walker, 2000). A notable example of the former is the 2003 Tokumm-Verendrye fire, which
consumed 17,409 hectares, 12.6% of the park. More recently, the 2017 Verdant Creek fire
burned some 17,000 hectares, approximately half of that in the study area (see Appendix). This
study was conducted in mid-2017, prior to the Verdant Creek fire, and does not consider its
impact.

Figure 2. Photos of study area in early July 2017. Above: Vermilion Valley from the north.
Below: early successional vegetation in the 2003 Tokkum-Verendyre wildfire.
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The Vermilion Valley is enclosed by high rocky peaks which act as fuel breaks, creating a
natural fireshed (Figure 2). A 5 km buffer zone was added to the study area to mitigate edge
effects of fires transiting in or out of the study area. The buffer zone included land in Yoho
National Park, Banff National Park, Mt Assiniboine Provincial Park, and the Province of BC.
Fires can transit through four major corridors: To the northwest and the Ottertail Valley (Yoho
National Park), to the northeast and the Bow Valley (Banff National Park), to the southeast and
the Simpson Valley (Mt Assiniboine Provincial Park), and the southwest and the Kootenay and
Beavertail Valleys (Province of BC).
Initial Attack in Parks Canada
Parks Canada is a federal agency managing a network of 46 National Parks that protect
328,198 square kilometers of land (Parks Canada, 2015). The agency is charged with restoring
and maintaining ecological integrity on its landscapes, including the integrity of key ecological
processes such as wildfire. Many national parks receive extensive human use, and the study area
in Kootenay National Park receives half a million visitors annually. Balancing the ecological
integrity of fire-maintained ecosystems with the safety of people and infrastructure inside and
outside of National Parks is the central challenge of fire management in Parks Canada (Walker &
Taylor, 2001).
Parks Canada aims to maintain or restore 50% of the long-term average fire cycle in
Kootenay National Park through a combination of prescribed fire and managed wildfire.
Landscapes are divided into zones according to fire management strategy (Figure 3), with initial
attack thresholds for fuel moisture and time of year. Intensive zones are subject to suppression at
all times, intermediate zones limit wildfire spread to clear perimeters, and extensive zones are
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managed with minimal intervention (Parks Canada, 2016). Fire in intermediate and extensive
zones may be allowed to grow and naturally self-extinguish.

Figure 3. Fire Management Zones of the Vermilion Valley.
Fire Management Zones were implemented in 2001, replacing full-suppression policies
that date from the establishment of the park in 1920. Full-suppression polices reduced the extent
of wildfire disturbance during mid-century, but contributed to increased landscape contagion,
compromised ecological integrity, and an expansion of homogenous late-seral forest cover
(Keane et al, 2002). The objective of Parks Canada’s prescriptive approach is to avoid wildfire
damage while restoring its role as an ecological disturbance process. Their approach been
endorsed by fire researchers as a template for jurisdictions across North America (Arno &
Brown, 1989; North et al., 2015).
Methods
This study quantified the impact of IA suppression by comparing burn probability maps
with and without the influence of initial attack. Fire agencies do not currently have a method to
quantify or compare likely outcomes of suppression policy. Burn probability was estimated by
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combining repeated simulations of realistic ignitions and weather, deterministic fire behavior
models, and probability of containment.
The methods were used to test the null hypothesis: that reductions in burn probability are
spatially uniform and proportional to the number of fires suppressed. The null hypothesis is true
if likely-to-escape fires and likely-to-be-contained fires have similar BP impacts.
My analysis compared two management scenarios: one without suppression influence
and a second assuming IA suppression is attempted on all fires. Burn probability maps were
created by varying model inputs in the Burn-P3 application (Parisien et al., 2005). Fire history in
the Vermilion Valley is relatively well-documented for the region, and includes observed records,
a dendrochronological study, and lake sediment charcoal records. I drew on these records to
parameterize two novel model runs: (1) a run characterizing the fire regime without the influence
of suppression, and (2) a run that removes fires likely to be extinguished during initial attack
(Figure 4). Model outputs are analyzed for three variables: the change in burn probability,
proportion of high-intensity fire, and spatial variation in probability of containment.

Figure 4. Project workflow. Model outputs in grey.

MEASURING SUPPRESSION

21

Simulation as Investigative Tool
This research simulated fire behavior and management response to investigate wildfire
policy outcomes. Simulation models are vital tools for comparing outcomes of alternative
courses of action in landscape management, particularly where repeated empirical
experimentation is impossible (Schmolke, Thorbek, DeAngelis & Grimm, 2010). Fire behavior
models using vegetation, terrain and weather inputs have become an indispensable part of
wildland fire decision-making.
This study simulated the stochastic interaction of fire behavior and suppression policy
across 100,000 potential fire seasons. Burn-P3 repeatedly generates a single, stochastic fire
season, referred to as an iteration. Emergent burn probability results from the aggregation of
iterations, and results are compared between the two management scenarios.
The study used the Burn-P3 model v4.7 (Parisien et al., 2005) and Prometheus fire
growth engine (Tymstra, Bryce, Wotton, Taylor & Armitage, 2010) to simulate fires. These tools
are based on the Fire Behavior Prediction (FBP) System and Canadian Forest Fire Danger Rating
System developed by the Canadian Forest Service (Stocks et al., 1989) and generate realistic fire
growth that correlates with observed data (Fujioka, Gill, Viega & Wotton, 2008).
Model Parameterization
Burn probability results from complex interactions of topography, fuels, weather, and
ignitions. Model accuracy relies on faithfully recreating the spatiotemporal environment that
fires start and grow under. Burn-P3 uses these inputs to select the number of ignitions per
iteration, their location, cause, season, duration, and fire weather. Spatial inputs are gridded at a
30m resolution. Table 1 contains a summary of model inputs.
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Table 1. Static and stochastic inputs used to calculate burn probability with Burn-P3
Model Input

Data Type

Description

Elevation

Continuous raster

Global Multi-resolution Terrain Elevation Data. See Figure 5.

Fuels

Categorical raster

Fuel classifications from Parks Canada’s fuel grid, based on
the Canadian Forest Fire Behavior Prediction System and a
2005 Vegetation Resource Inventory survey. Fuel grid
manually updated for subsequent fires and succession. Gaps
in the buffer zone data filled from the National Fuels Map
compiled by the Canadian Forest Service. See Figure 5.

Seasons

Setting

Start and stop dates for fire weather and fuel curing: Spring is
May-18 to Jun-30 (40% grass curing) and Summer is Jul-1 to
Sep-31 (60% grass curing). See Figure 6.

Wind grids

Continuous raster

Topographical influence on wind direction and speed for eight
cardinal directions, as calculated by the WindNinja model
(Forthofer, 2007).

Static inputs

Stochastic inputs
Number of
fires

Frequency
distribution

Number of fires per year (or iteration). Observed records of
annual fire frequencies fitted to a negative binomial distribution.
See Figure 6.

Escaped fire
rates

Frequency
distribution

Proportion of fires occurring for each season and cause. See
Figure 6.

Ignition
locations

Continuous raster

Relative probability surface of ignition locations by cause,
human and lighting, based on 1925–2015 fire history records
and the model assigned ignitions based on these probabilities.
See Figure 5.

Fire duration days and
hours

Frequency
distribution

Number of days a fire spreads significantly and number of
hours for each day (Podor & Wotton, 2011). Distribution was
calibrated so that simulated fire sizes resembles observed fire
records without expected effect of suppression. See Figure 8.

Daily fire
weather

Numeric list

Daily weather conditions observed at noon MST and
associated Canadian Fire Weather Index System codes and
indices partitioned by season. Weather observations recorded
from two stations, Vermilion Crossing (1985–2016), inside the
study area, and Boulder Creek (1941–1984), 11 km to the
north of the study area.

Topography. The elevation map was retrieved from the Global Multi-resolution Terrain
Elevation Data 2010 dataset (Danielson & Gesch, 2011). Elevation is used in fire spread, fuels,
weather, and calculating local wind speed and direction.
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Fuels. Heterogeneity in fuel distribution is the most influential variable in burn
probability. In this study area, rocky ridges of non-fuel present barriers to fire growth and fire
spread is limited to valley systems and low vegetated mountain passes. The fuel map was
provided by Parks Canada, based on a 2005 Vegetation Resource Inventory survey and
categorized by fire behavior specialists (Table 2). Data from the National Fuels Map was
provided by the Canadian Forest Service to fill in gaps in the buffer zone at a resolution of 90m.
Table 2. Fuel distribution for the study area and buffer zone. Sample fire behavior for each fuel
is included under a typical fire spread day (FWI=19, BUI=60, ISI=7, 7 km/h wind, flat ground).
Fuel Type

Description

Sample
Spread
Rate
(m/min)

Sample
Intensity
(kW/m)

Non-Fuel Class
Recently Burned
Water
Other

C-2
C-3
C-4
C-5
C-7
M-1
O-1a
O-1b
Early
Succession

% Class

58.5
Burned after 2006
Lakes and rivers
Rock, etc.

-

-

Fuel Class
C-1

Hectares
(Thousands)

2.1
1.4
55.0

38.5%
3.5%
2.4%
94.1%

93.6
Spruce-Lichen
Woodland
Boreal Spruce
Mature Jack Pine
Immature Jack Pine
Red and White Pine
Ponderosa PineDouglas-Fir
Boreal MixedwoodLeafless
Grass - Matted
Grass - Standing
Burned 2003 - O-1b

% Total

1.4%
0.9%
36.2%
61.5%

0.9

413

13.2

14.1%

8.6%

8.2
2.1
8.7
0.6
1.5

7,726
1,108
6,811
279
1,342

29.2
10.1
2.7
0.9
1.7

31.3%
10.8%
2.8%
1.0%
1.8%

19.2%
6.6%
1.7%
0.6%
1.1%

5.1

2,678

1.8

1.9%

1.2%

3.8
3.7
3.7

407
395
395

1.7
15.3
17.1

1.8%
16.3%
18.3%

1.1%
10.0%
11.2%

The fuel grid is the best available for the study area, but limited by the FBP fuel typing
system. British Columbia is poorly represented among FBP fuel types and workarounds add
uncertainty (Perrakis & Eade, 2015). For example, true C-1 (Spruce-Lichen woodlands) and C-7
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(Ponderosa Pine-Douglas-Fir) fuels are absent from the study area, but stand in for untyped
alpine meadows and open woodlands respectively. These fuel types were used due to similarities
in structure and vegetative communities: alpine meadows are primarily lichen, forbs, and shrubs,
with sparse clusters of conifers, as in C-1, and open woodlands consist of low-density conifers
set amongst grasses and forbs, as in C-7.

Figure 5. Study area and buffer zone with Burn-P3 model inputs. Panel (a) shows elevation, the
highway, and major water features. Panel (b) shows the fuels grid classified by FBP fuel type.
Panels (c) and (d) show ignition probability surfaces calculated from lightning and human
ignition locations between 1925–2014.
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The fuel grid was updated to reflect fire disturbance and vegetation succession from 2005
to 2016 (Figure 5). High-intensity fires burned in the study area in 2006, 2007, 2012, and 2013.
Vegetation within these fire perimeters (1.4% of the landscape) was changed to non-fuel.
Some areas considered non-fuel in 2005 have regrown and are once again available to
fire, although at lower intensities than mature forests. The FBP system does not directly account
for succession. The fuel bed consists of dense immature lodgepole pine, standing and downed
snags, shrubs, forbs, and grasses (see Figure 2). These fuels have been classified differently by
fire behavior specialists, including M-2 (Boreal Mixedwood – Green), O-1b (Standing Grass), or
a statistical combination of S-2 (White Spruce–Balsam Slash) and C-4 (Immature Red and White
Pine). They were categorized O-1b here, as predicted rates of spread were consistent with
observations made by the author during the 2017 fire season.
Seasons. Burn-P3 incorporates seasonality to account for temporal variation in fire
frequency, fuel availability, and weather. Two seasons were selected to characterize the study
area: spring (May 18th – June 30th) and summer (July 1st – September 31st). Most fires start
during summer (89%), and the selected date range selected includes all recorded ignitions. The
seasonal delineation is in line with published studies in nearby regions (compare Parisien et al.,
2013; Beverly, Herd & Conner, 2009).
During spring, many areas present barriers to fire spread due to lingering snow or high
foliar moisture content. High alpine zones, avalanche paths, and early successional forests were
often designated FBP fuel type O-1b (standing grass) to account for the role of deciduous fuel
curing in fire susceptibility. They are relatively unavailable to burn in spring except during
extreme fire weather, and were set at 40% fuel curing. During summer, these fuels become
available, but burn at lower intensity than mature forests, and were set at 60% curing. Curing
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levels were determined by comparing fire perimeters generated at various settings to past
observations.

Figure 6. Historical fire records, 1925–2015. Panel (a) displays observed fire frequency per year,
which was fitted to a negative binominal integer distribution for input into Burn-P3. Panel (b)
shows the total number of ignitions per 7-day period from lightning and human causes.

Ignitions. Spatiotemporal ignition patterns were based on observed fire records from
1925–2015 (Figure 6). For each iteration, Burn-P3 determines number of ignitions, cause, and
seasonality based on random draws from the data record. Lightning caused 79% of ignitions in
the study area. Locations are determined by weighted probability maps, divided into human and
lightning-caused ignitions. Probability surfaces can be uniform for completely random ignitions,
or estimated through various methods, depending on the completeness and reliability of ignition
records (Parisien et al., 2013; Bar Massada, Syphard, Hawbaker, Stewart & Radeloff, 2011).
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Ignition patterns are difficult to predict, and represent the weakest aspect of burn
probability analysis (Parisien et al., 2013). Uncertainty is exacerbated in low-frequency, highseverity fire regimes like the Vermilion Valley. I followed similar studies by applying kernel
density estimation methods to create a spatial probability surface (see Beverly et al., 2009;
Braun, Jones, Lee, Woolford & Wotton, 2010; Koutsias, Kalabokidis & Allgöwer, 2004). This
technique captures ignition clustering effectively, but may under-predict regions without recent
ignitions. Observed ignitions represent a small sample of potential ignition sites. A minimum
ignition probability was established to mitigate this concern, with a higher minimum for
lightning-caused ignitions reflecting greater uncertainty.
Spatial analysis of observed ignition records revealed important trends. As expected,
human-caused ignitions followed linear features such as roads and trails, and cluster around the
Marble Canyon campground in the north (42% of ignitions). Lightning-caused ignitions display
more variability, but cluster near Kootenay Park Lodge to the south.
Weather. Fire weather inputs determine the fuel moisture levels at ignition as well as
weather during fire spread. Weather inputs for this study were based on daily fire weather
records in and around the Vermilion River valley for 1941–2016. Parks Canada provided 20
years of weather observations near the Kootenay Park Lodge in the Vermilion Valley going back
to 1985. Records for 1941–1984 were obtained from a weather station near Field, BC at a
similar elevation and positioning relative to the Great Divide, 11km north of the study area.
Fire weather observations were compiled into a single stream that Burn-P3 draws from
randomly, according to season. The influence of topography on local wind speed and direction
was calculated with the WindNinja model (Forthofer & Butler, 2013).
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Iterations. The number of model iterations determines the stability and reproducibility of
Burn-P3 outputs. The two-stage simulation technique used in this study demands higher
iteration counts than traditional parameterization. Most ignitions in the initial no-suppression
scenario were later removed through simulated suppression, and the remaining escaped fires
must remain numerous enough to ensure reproducibility. To that end, Burn-P3 was configured to
calculate independent relative difference every 500 iterations, which asymptotes as results
stabilize. This process informed the selection of 100,000 iterations.
Approximating an Unconstrained Fire Regime
To assess the effect of suppression, I first simulated the fire regime without it. The
Vermilion Valley has three types of fire history records: 90 years of fire observations (roughly the
period of organized suppression), a 500-year dendrochronological study, and some 1000 years of
sediment charcoal records from nearby Dog Lake. These datasets provided an estimation of the
historical range of variation of fire size and frequency (Keane, Hessburg, Landres & Swanson,
2009) used to verify and calibrate the model.
Simulating a Full Range of Fires. The Burn-P3 model is designed to simulate large,
escaped fires (Parisien et al., 2005). This approach is computationally efficient and includes fires
with significant landscape impacts. Standard usage tacitly assumes escaped fire rates and fire
weather will be similar to the recent past. In order to incorporate suppression strategy as an
independent variable, the standard Burn-P3 parametrization procedure was modified.
Simulating large, escaped fires is normally accomplished by filtering fire atlas and
weather inputs. The fire atlas is filtered by a minimum fire size, generally between 10 and 200
hectares, and Burn-P3 configured to ignore simulated fires that fail to reach this threshold. Fire
weather records are then reduced to a subset of days conducive to fire spread, as measured by
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initial spread index or fire weather index. This corrects the FBP system’s tendency to
overpredict during long analysis periods, as large fires usually experience significant growth
during a small number of days (Podur & Wotton, 2011).
This study simulated a full range of ignitions and weather. Weather records were input
without filtering, and the minimum fire size set to the smallest value possible: 0.09 ha, or one 30
m pixel. This technique generated many small- and medium-sized fires, with patterns emerging
from the interaction of study area fuels, topography, and weather (Moritz, Hessburg & Povak,
2009).
Simulated Ignition Lifecycles. Drawing on the full range of weather is a departure from
standard Burn-P3 workflow, and alters selection pressures on simulated ignitions. During
conventional usage, every weather record above a pre-determined threshold is equally likely to
be drawn as a spread-event day. By including all weather, every record is equally likely to be
drawn, although only fires above 0.09 ha are considered successful.

Figure 7. Comparison between the lifecycles of a lightning fire and a simulated fire
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This process mimics the lifecycle of actual fires (Figure 7). For instance, each lightning
fire in the fire atlas was caused by a cloud-to-ground strike that encountered receptive fuel,
occurred during tolerable fire weather, and was discovered prior to self-extinguishment. In the
study area, approximately 2% of all lightning strikes meet these criteria and ignite a known fire
(Wierzchowski, Heathcott & Flannigan, 2002). Each fire recorded in Burn-P3 started in a
location with receptive fuels and fire weather conditions that permitted growth to 0.09 ha or
above. In this study, 45% of simulated ignitions that started in receptive fuels grew beyond the
minimum size threshold. Discarded ignition can be considered analogous to lightning strikes
which self-extinguish before discovery.
Calibration of Fire Size and Annual Area Burned. Calibrating a fire regime that has
not been directly observed is the most challenging aspect of this analysis. The recorded fire atlas
was influenced by an active suppression program, and local suppression history must be
considered. For the study area, a passage from Kootenay National Park’s dendrochronology
study (Masters, 1989) provides guidance:
“What about the effect of fire suppression? Fire control policy in KNP has been full
suppression since park establishment. The time-since-fire distribution shows park status
as a brief period in the tree record. Study of fire reports from 1926, 1935, 1950, and 1968
show that fire suppression had little effect on the progress of these fires. Though costly
efforts were mounted, rain was listed as bringing most fires under control, after which
they could be extinguished by fire crews... Many small fires under marginal burning
conditions were suppressed; all of the extreme fires were not… Partitioning the timesince-fire distribution starting at park establishment did not reveal any convincing
breaks” (p 29).
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Fire size distributions are the primary means of calibrating spread duration in Burn-P3.
Spread duration was adjusted over a dozen model runs until patterns matched what would
reasonably be expected under an unimpeded fire regime (Figure 8). Additionally, cumulative
area burned across iterations was calculated and compared to a local fire history study.

Figure 8. Cumulative frequency plot with a logarithmic axis for fire size distributions from
1925–2015 (green) and 111,087 simulated fires, assuming no suppression (orange).

A time-since-fire dendrochronological study determined that the average area burned in
the Vermilion Valley from 1768–1988 was 144 ha per year (Masters, 1989). Reliable fire size
distributions were not available, but Masters determined that nearly all area burned was
contributed by large, stand-replacing fires. A subsequent study in neighboring Kootenay Valley
found the Masters analysis accurate for high-severity fire and recent age classes (Kubian, 2013).
The time-since-fire method was less accurate for mixed-severity regimes that often characterize
mature lodgepole pine stands, which comprise 8.9% of study area fuels.
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Two factors are expected to impact average area burned on the present-day landscape.
Climate change has lengthened fire seasons across the Rocky Mountains, increasing average area
burned (Westerling, Hidalgo, Cayan & Swetnam, 2006). However, current fuel conditions in the
Vermilion Valley may be less conducive to high intensity fire than historical average, with
17,409 ha burning in 2003 (see Table 1). Early successional vegetation moderates both fire size
and intensity (Parks et al., 2015).
Accordingly, the following principles guided calibration:
•

The number of simulated fires per year is the same as the fire atlas (Figure 6).

•

Large fires (>1000 ha) in the fire atlas spread under extreme fire conditions and are
unlikely to have been significantly altered by suppression.

•

A few medium-sized fires (10 – 1000 ha) would have grown to become large.

•

Most very small fires (< 10 ha) burned under moderate fire conditions and would
remain small, but some would grow to become medium or large.

•

The average annual area burned should be slightly higher than 144 ha.

The number of spread hours per fire is the most significant variable in generated fire size
distributions. The calibration process began with values used in a nearby study with a similar
fire regime (Beverly et al., 2009) and were adjusted over a dozen model runs, with results
compared to guidelines. The setting selected was 2 burning hours per spread-event day, 85% of
fires with a single spread-event day, and remaining fires with 2 (5%), 10 (5%), or 11 (5%)
spread-event days. The low number of spread-hours-per-day allowed the model to generate the
small fires historically most frequent. The right-skewed distribution of spread-days-per-fire
produced the few large fires that contribute most area burned. Using these inputs, 65% of
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simulated fires were under 25 ha and 3% greater than 1000 ha. Average annual area burned was
148 ha.
Simulating Initial Attack Containment
The impact of suppression was simulated by removing fires expected to be contained
during initial attack. The area burned by fires contained during initial attack is insignificant at
the landscape level, and these fires were discarded from the second model run. Simulation
accuracy depends on remaining fires faithfully reproducing the characteristics and variability of
fires that escape IA. Each fire was assigned a probability of containment (POC), and fires that
met containment criteria were filtered out. Burn-P3 was rerun with the remaining fires using the
‘replay list’ function, which reproduces the stochastic burning conditions from previous model
runs (Natural Resources Canada, 2017).
Probability of containment during initial attack can be predicted from fire intensity and
size at the time of IA. Fires escape initial control by preventing the establishment of control
lines or by breaching them. Fire size and intensity are decisive factors in both methods. Hirsch,
Corey, and Martell (1998) derived a predictive formula for POC using expert opinion interviews
in Canadian boreal forests. Boreal forests are dissimilar in many respects from the Vermilion
Valley, but they share a dominant FBP fuel type (C-2 Boreal Spruce) and comparable fire
behavior. Equation 1 is the composite mean for experts in the study, assuming a medium-sized
fire crew with helicopter bucket support.
𝑃𝑂𝐶𝑝 =

e(4.6835−0.7043(size)−0.00041(intensity)−0.000052(size × intensity))
1+e(4.6835−0.7043(size)−0.00041(intensity)−0.000052(size × intensity))

where
𝑃𝑂𝐶𝑝 = predicted probability of containment,
size = size at initial attack (ha), and

(1)
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intensity = head fire intensity at initial attack (kW/m)

Initial attack containment is a stochastic process (Mees, Strauss & Chase, 1993). Fires
that have grown large and intense by IA are rarely contained, and small, smoldering fires rarely
escape. Equation 1 predicts a high POC of >90% for small (<1 ha) fires of moderate intensity
and below (<2500 kW/m), and a low POC of <10% for larger (>4 ha) fires of higher intensity
(>6500 kW/m) (Hirsch, Corey & Martell, 1998). Figure 9 shows predicted probability of
containment for simulated fires.
In the second model run, stochastic IA fire containment was simulated using the predicted
POC. A fire with a 70% POC escapes three times out of ten. This process was reproduced by
drawing a random percentage for each ignition; if it was higher than the POC, the fire was
allowed to grow.

Figure 9. Predicted fire size, intensity, and probability of containment during IA for simulated
fires below 10 ha and 20,000 kW/m (86% of all fires). Frequency indicated by opacity.
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Fires contained during IA were removed from the Burn-P3 replay ignition list. Replay
ignition lists store the stochastic burning environment of all ignitions during a model run.
Contained fires were filtered out of the list by cross-referencing ignition location. There
remained one difference in the burning environment during the second model run: fires generated
through a replay list are able to burn over one another, including those within the same iteration.
This concern was moderated by the low number of ignitions per iteration and small median fire
size (10.9 ha).
Estimating Size and Intensity at Initial Attack. Fire intensity and size at initial attack
was predicted for each fire. Burn-P3 was configured to output the intensity and spread rate for
every pixel burned in every iteration. Initial fire behavior for each fire was processed with a
custom application written in the R programming language (R Core Team, 2016). Mean initial
intensity and spread rate was calculated by averaging values for all pixels contiguous with the
ignition point. This accounts for initial variation in fuel and slope conditions, using the 9 pixels
that comprise the 90 x 90m (0.81 ha) area surrounding the point of ignition (Figure 10). Pixels
that did not burn (e.g., non-fuel) are ignored.

Figure 10. Example of initial intensity and spread rate calculations.
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A modification was made for the lack of alpine vegetation among FBP fuel types. The
fuel type C-1 (Spruce-Lichen Woodland) represented some regions of high alpine meadow.
However, during extreme fire weather C-1 predicted higher intensities than typically observed,
as alpine regions contain more herbaceous and shrub ground cover and less fine lichens. To
correct for this, intensities for ignitions in C-1 fuels were reduced by a factor of three during
probability of containment calculations.
Table 3. Calculations of estimated fire size at initial attack for a sample of 10 fires. Estimated
size at response time may be greater than final Burn-P3 fire size when a fire is fuel-limited.
Estimated size at IA is the lesser of the two values.
Fire #

Cause

22050
22051
22052
22053
22054
22055
22056
22057
22058
22059

Lightning
Lightning
Lightning
Lightning
Lightning
Lightning
Human
Human
Human
Lightning

Response
Time (min)

Mean Initial
ROS (m/min)

Est. Size at
Response Time (ha)

Final Fire
Size (ha)

Est. Size at
IA (ha)

60
60
60
60
60
60
30
30
30
60

6.74
13.59
4.16
8.47
16.79
3.42
5.43
2.16
3.28
17.36

4.28
17.42
1.64
6.77
26.57
1.10
0.70
0.11
0.25
28.41

6.21
51.93
49.41
3.33
40.5
177.93
0.90
0.54
9.27
1.44

4.28
17.42
1.64
3.33
26.57
1.10
0.70
0.11
0.25
1.44

The size of a fire at initial attack is the result of spread rate, discovery lag, and crew
response time. Two four-person fire crews are based in Kootenay Crossing fire base, adjacent to
the Vermilion Valley. Actual response time depends on current crew position, distance from
highway, helicopter availability, helispot proximity, slope, barriers to travel such as cliffs or
rivers, time of day, hover exit or heli-sling availability, and other factors. Generally, however,
human-caused fires cluster along roads and trails and require less travel time than lightningcaused ignitions (Arienti, Cumming & Boutin, 2006). The calculations used a fixed response
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time of 60 minutes for lightning fires and 30 minutes for human-caused ignitions. Fire size at
initial attack is calculated with an elliptical fire growth equation, using mean initial spread rate
(m/min), crew response time (mins), and a fixed length-to-breadth ratio (3:1) to account for the
influence of wind and slope on fire shape (Table 3).
Calibration of Initial Attack Success. Simulated initial attack success was calibrated to
observed rates. Detailed records for Parks Canada fire crews were unavailable, but neighboring
jurisdictions have similar suppression programs. The US Forest Service has a success rate of
99% with the generous threshold of 120 ha (Calkin, Gebert, Jones & Neilson, 2005), the
Province of Alberta reported 83% success at containing boreal fires below 3 ha (Arenti et al.,
2003), and British Columbia informally reports 92% success with a 4 ha threshold (Forest
Practices Board, 2012).
IA failure occurs in two ways: fire size at IA is already beyond a given threshold (a
response failure) or a smaller fire is unable to be contained below it (a containment failure).
Alberta reports more response failures (10%) than containment failures (7%). Parks Canada
crews in the study area have training and experience levels similar to their provincial
counterparts. They are less likely to experience significant discovery lag when compared to vast,
sparsely populated boreal regions in Alberta. However, they may not have ready access to fixedwing air tanker support. The success rate of Parks Canada crews can be reasonably expected to
fall between Alberta and BC values, or between 83% and 92%.
Most fires are discovered and contained before reaching peak spread rates. Two-thirds
(67%) of observed fires in the study area never grew beyond 0.1 ha (see Figure 8). Presumably,
this is due to the arrival of suppression crews before conditions became conducive to growth.
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The pattern holds true even in previous decades, before helicopters reduced lightning fire
response times. It is not clear how many ignitions would have self-extinguished at this size.
Ignitions can smolder in marginal fuels or fire weather for days or weeks before they
achieve significant growth, and frequently do. The storms that cause lightning ignitions also
increase fuel moisture, and human-caused ignitions can take several days to creep away from
campfire rings or highway rights-of-way.
The factors that contribute to early detection (human presence, visibility, smoke,
communication networks) and delayed fire growth (microsite duff moisture, spacing, continuity)
are deterministic, but uncertainty lends them to stochastic simulation. Smoldering fires occur
under fuel moisture conditions that support ignition, but not significant spread. Thus, the
likelihood of detecting a fire before a growth event may be inferred from the percentage of
‘smoldering’ days below the spread-event threshold. Boreal spruce is the dominant FBP fuel
type, supporting fire survival at duff moisture codes as low as 35 (Anderson, 2002), and
significant growth at fire weather indices above 19 (Podur & Wotton, 2011). In local weather
records, 60% of spring days and 47% of summer days that support fire survival are below the
growth threshold.
These values were incorporated as a fixed probability of containment before spreadevent. Resulting IA success rate was 86.7%, within the expected range (Table 4). Note that
simulated fires that fail to grow beyond 5 ha were considered successfully contained.
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Table 4. Stochastic prediction of initial attack success for a sample of 10 fires, with escaped fires
highlighted. If a random draw is lower than probability of containment before or after spread,
the fire is considered suppressed.
Fire #

Season

22050
22051
22052
22053
22054
22055
22056
22057
22058
22059

Spr.
Sum.
Sum.
Sum.
Sum.
Spr.
Sum.
Sum.
Sum.
Sum.

POC,
Before
Spread

Random
Draw #1

Initial
Intensity
(kW/m)

60%
47%
47%
47%
47%
60%
47%
47%
47%
47%

92%
7%
48%
15%
77%
11%
6%
19%
26%
97%

7,763
15,231
437
9,932
22,606
3,284
3,119
1,832
345
18,108

Est.
Fire
Size at
IA (ha)
4.28
17.42
1.64
3.33
26.57
1.10
0.70
0.11
0.25
1.44

Final
size
<5
ha
No
No
No
Yes
No
No
Yes
Yes
No
Yes

POC,
After
Spread

Random
Draw #2

51%
0%
97%
100%
0%
92%
100%
100%
99%
100%

70%
38%
24%
16%
73%
39%
48%
67%
55%
46%

Contained?

No
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes

Measuring the Suppression Effect
The methods produced three sets of burn probability results: two simulated scenarios, and
the null hypothesis prediction. Results were designated (1) BPa, the unconstrained fire regime,
(2) BPs, full-suppression initial attack, and (3) BP0, the null hypothesis. Burn probability is
calculated by dividing the number of times a pixel burns by the number of iterations the model
performs.,
The primary results are the BP values before and after suppression, as well as the ratio
between them. The term ‘suppression effect’ was coined to indicate strength of suppression
impacts, calculated from the percent BP reduction between the pre- and post-suppression
landscape (Equation 2). Higher suppression effects signify greater BP reductions. Modest
changes in suppression effect can result in large BP differences. For instance, a 5% reduction
from 90% to 85%, would increase post-suppression BP increasing by half.
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(BP𝑎𝑖 −BP𝑠𝑖 )
BP𝑎𝑖

(2)

where
𝑖 = each pixel

Both BP and its relative change are relevant to land managers. Suppression effect
indicates relative reductions in BP due to management action, but it is less likely to be important
in regions with low pre-suppression BP values (BPa). Suppression effect values are best
interpreted in conjunction with BPa or BPs values.

Figure 11. Example of suppression effect calculations for two pixels, using hypothetical BP
results and IA success rate. Suppression was six times more influential in Pixel 2 than Pixel 1.

The null hypothesis predicts spatially uniform BP reductions proportional to the number
of contained fires (Equation 3). The null hypothesis is true if escape fires and likely-to-becontained fires have similar BP impacts. Figure 11 demonstrates calculation of the null
hypothesis and suppression effect on two hypothetical pixels.
𝐵𝑃0𝑖 = BP𝑎𝑖 × (1 − IA𝑟 )

(3)
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where
IA𝑟 = initial attack success rate (here 86.7%), and
𝑖 = each pixel
Suppression effect was assessed by fire intensity, fuel type, and management zone.
Suppression was expected to be less effective at reducing high intensity fire occurrence, as
higher initial intensities reduce probability of containment. This effect was measured by the
reduction in the number of pixels burning at intensities above 4,000 kW/m. Fires with a head
fire intensity above 4,000 kW/m are generally considered too intense for direct attack by
firefighters (Taylor & Alexander, 2006).
Results were divided by fuel type, to assess the role of fuel in improving or hindering
management control. Finally, results were analyzed by management zone, which are categorized
by suppression strategy (Figure 3). The effectiveness of suppression is most critical in intensive
zones, where all fires are subject to IA, and least important in extensive zones.
Mapping Escape Probability
Locations where IA containment will be challenged can be predicted by model outputs.
Probability of containment predictions for thousands of individual simulated ignitions provide a
rich dataset. The likelihood of containment failure was termed ‘escape probability’. Predicted
POC was the result of estimated size and intensity at initial attack, which was in turn determined
by fuel, topography, and fire weather. Proximate ignitions encountered different fire weather, but
similar fuel complexes and topography.
The analysis produced a spatially-explicit map of escape probability. Results were
further assessed by fuel type and management zone. It deliberately excluded kernel density
estimations for ignition location and frequency, as these are the weakest aspect of BP analyses
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(Parisien et al., 2013). The buffer zone was included in the map, as there is no edge effect. Note
that POC calculations do not consider likelihood of containment before significant fire spread.
Consequently, the map details relative variability in escape probability, not absolute values.

Figure 12. A sample of escape probability calculations along the Simpson River.

Burn-P3 ignitions were processed with GIS software to estimate escape probability
(Figure 12). Panel (a) shows point ignitions along a 6 km section of the Simpson River, colored
according to POC. In panel (b), a 100m raster grid was laid over the study area, and the mean
POC of ignitions within each cell calculated using the rasterize function from the R ‘raster’
package (R Core Team, 2016; Hijmans, 2017). Finally, in panel (c) the resulting grid is
resampled to fill gaps and smooth data with the GRASS r.resamp.filter tool, using a box analytic
kernel and gaussian filter to reduce resampling artifacts (GRASS Development Team, 2017).
Results
The study simulated 111,087 fires over 100,000 iterations of a single fire season, of
which 14,701 were considered to have escaped IA suppression. The median size of all fires was
10.9 ha and the largest 21,794 ha (see Figure 8). All fuel in the study area burned at least once.
Without suppression, the mean number of times a fuel pixel burned was 222.6, the maximum
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2358, and the standard deviation 209.4. After suppression, the mean number of times burned
was 46.9, the maximum of 482, and the standard deviation 47.5.

Figure 13. Burn probability maps with and without simulated initial attack suppression.

Burn probability calculations yield a mean study area BP for all fires (BPa) of 22.2 ×10-4,
or 1:450, and a post-suppression burn probability (BPs) of 4.7 ×10-4, or 1:2,217. The highest
burn probabilities under both scenarios are found in areas of contiguous mature timber and
correspond to high ignition likelihoods. High-BP areas are found near valley intersections, at
both river confluences and broad, forested passes. Lowest burn probabilities are found in
disconnected fuel pockets, such as river islands and alpine vegetation bounded by exposed rock.
The most fire prone area is the confluence of the Vermilion and Simpson valleys in the
Vermilion Management Zone. Other areas of note include the confluence of the Vermilion and
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Ottertail valleys (Rockwall Zone), Ottertail Pass (Ottertail Zone), and Vermilion Pass (Bow
Corridor Zone).
Suppression Effect

Figure 14. The difference in pre- and post-suppression BP. % Burn Probability Remaining (left)
is the ratio of post-suppression to pre-suppression BP, with least change in red. Suppression
Effect (right) is the same dataset from the perspective of suppression effect strength.

On average, BP following suppression was 21.2% of values without suppression, with a
standard deviation of 7.8% (Figure 15). Figure 14 shows spatial variation in remaining BP
across the landscape. Mean Percent BP Remaining was 60.1% above null hypothesis
predictions. One-fifth of the study area (19.7%) had a BPs below null hypothesis predictions,
with a few isolated areas (1.3%) reducing BP to 0. The majority of the study area (80.3%) had a
higher BPs, and many areas (29.3%) more than double.
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%

Figure 15. Histogram of percent burn probability remaining for pixels containing fuel.

As expected, initial attack was less effective at reducing high intensity fire. Following
suppression, the number of pixels that burned with intensities above the 4,000 kW/m threshold
was 23.2% of pre-suppression values, which represents a suppression effect of 76.8%.
Escape Probability
Escape probability across the landscape had a standard deviation of 11.6%, with a
maximum of 64%, and minimum of 0.6%. As noted in the methods, escape probability did not
consider pre-spread containment, and reveals landscape variability rather than absolute values
(Figure 16). Highest escape probability values were found near valley bottom in mature fuels,
particularly in the Rockwall, Ottertail, and Verdant Management Zones.
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Figure 16. Average predicted probability of ignition escape.
By Fuel Type
Results varied considerably by fuel type (Table 5). Conspicuously, the two dominant fuel
types responded differently to suppression. C-2 (Boreal Spruce) fuels experienced less change
from suppression, with the second lowest suppression effect (73%), and lowest probability of
containment (59%). Fuels in early succession (categorized as O-1b) were more responsive to
suppression, with the highest suppression effect (86%), and above average probability of
containment (82%). C-5 (Red and White Pine) and D-1 (Leafless Aspen) fuels had the highest
probabilities of containment, but are found only in the buffer zone.
All fuels had a mean post-suppression BP (BPs) higher than null hypothesis predictions.
Early successional fuels were the only type that included regions below this rate, which is likely
due to lower intensities. These areas were localized to the east of the Vermilion River and in the
Tokkum valley (Vermilion Zone), where rivers and rock formed barriers to spread. The same
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fuels west of the Vermilion River or near Vermilion Pass (Bow Corridor Zone) bordered more
mature fuels, and remaining BP was significantly higher. This suggests an edge effect with
contiguous, mature fuels that reduced the suppression effect.
Table 5. Mean results by fuel type.
Fuel Type

C-1
C-2
C-3
C-4
C-5
C-7
M-1/M-2
D-1
O-1a
O-1b
Early Succession
Total

Burn
Probability
(×10-4)
14.7
24.2
23.1
58.9
29.5
7.8
10.7
17.4
22.9
22.2

Suppression
Effect
(×10-2)
76.0
73.3
78.2
74.5
80.0
75.2
66.9
76.6
85.7
78.7

POCp
(×10-2)

Number of
Ignitions

79.9
59.2
73.3
60.6
92.0
83.6
68.5
92.8
87.9
75.5
82.4
74.4

5,760
24,645
8,429
5,641
806
1,565
1,260
26
828
14,036
48,091
111,087

By Management Zone
Table 6. Mean results by management zone, buffer zone excluded.
Fire
Management
Strategy
Intensive

Zone

Suppression
Effect
(×10-2)
71.7

POCp
(×10-2)

3,751

Burn
Probability
(×10-4)
26.1

Intermediate

Ottertail
Rockwall
Kootenay
East

5,557
14,755
5,283

16.1
14.3
23.2

72.9
72.1
76.7

63.3
64.0
67.7

Extensive

Vermilion
Verdant
Total

38,630
7,216
75,192

26.8
15.3
22.2

83.6
73.8
78.7

78.7
61.2
74.4

Bow Corridor

Area
(ha)

63.3
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Results indicate that suppression is least effective in the zones where it is most required,
and vice versa. The Bow Corridor Zone leads toward the communities of Lake Louise and
Banff, but had the lowest suppression effect (72%), probability of containment (63%), and
highest post-suppression BP (7.4 ×10-4 or 1:1,351). By contrast, the Vermilion Zone is most
responsive to suppression, but least likely to require it.
Discussion
This study examined the impact of suppression by simulating fire risk with and without
initial attack, using burn probability as risk metric, using a large natural region of the southern
Canadian Rocky Mountains. Suppression substantially reduced BP across the study area, but the
strength of the effect varied. Notably, suppression was most effective in areas that were recently
burned, and least effective in the intensive management zone where wildfire is to be excluded.
Results do not support the null hypothesis. Likely-to-escape fires contributed
disproportionately to burn probability, and the efficacy of suppression varied considerably across
the landscape. Variability in this methodology was caused entirely by differences in initial fire
behavior, in turn driven by the spatial heterogeneity of fuels and topography. Suppression was
slightly less effective at preventing occurrence of high intensity fires.
Right Tool for the Job
Initial attack suppression is one of several tools available to fire managers. Fuels can be
altered with prescribed fire or manual thinning, and human-caused fires reduced through
education and regulation. Recognizing where suppression is less effective can help managers
decide where such approaches can supplement initial attack. A recent example in the study area
illustrates this process.
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In July 2017, after modelling begun, a wildfire escaped initial attack in the Verdant
Management Zone. The region had no history of fire in the observed record, but exhibited the
lowest probability of containment of the analysis (see Appendix). The fire grew to more than
17,000 hectares, prompting concerns in the populated Bow Valley, connected to the Vermilion
Valley through the Bow Corridor Management Zone. This analysis suggests that suppression is
least effective in the Bow Corridor Zone. In July, Parks Canada fire managers altered the fuel
matrix by mechanically clearing a landscape-level fuel break. As a longer-term measure, a 60 ha
prescribed fire was planned for the same area, intended to create a ‘capping unit’ that mitigates
fire contagion into the Bow Valley.
From Risk Measurement to Management
This study considered wildfire risk, but perhaps the most pressing application is in
wildfire benefits being forfeit. The principal methodological innovation is inclusion of
suppression strategy as an independent variable, allowing managers to evaluate policy and
compare emergent consequences on fire occurrence. There is a broad consensus that overreliance on aggressive initial attack has contributed to increased fire size, damage, and resistance
to control (Calkin, Thompson & Finney, 2015; North et al., 2015). Fire cannot be deferred
indefinitely. Allowing some wildfires to burn can reduce subsequent hazard with little risk-tovalues (Houtman et al., 2013).
Mounting evidence indicates that managed fire increases the control managers have over
later wildfire activity, producing a positive feedback loop (Thompson et al., 2016b). The 2003
Tokkum-Verendyre wildfire was not intentionally managed for ecological benefit, but my results
support the premise that recent burns bolster suppression effectiveness. Early successional
vegetation inside the burn footprint displayed a much higher suppression effect than surrounding
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forests. It is not known how long the influence will persist, but Parks, Parisien, Miller,
Holsinger, and Baggett (2018) found self-regulatory effects lasted up to 33 years in similar
ecoregions.
Designing Risk Through Policy. Fire agencies increasingly encourage managed fire,
but fire managers often default to initial attack (Doane, O'Laughlin, Morgan & Miller, 2006).
There are several explanations. Structural disincentives in fire management agencies reinforce
risk-aversion (Williamson, 2008). Additionally, managers generally consider response decisions
separately, instead of within the context of many similar future decisions (narrow-framing vs.
broad-framing), resulting in disproportionate loss aversion (Kahneman & Lovallo, 1993).
Finally, rare, vivid outcomes like wildfire destruction are systemically over-weighted in decisionmaking when compared to less vivid future benefits, such as an intact disturbance regime
(Tversky & Kahneman, 1974).
Fortunately, prescriptive risk policies can correct individual biases, provide managers
with an increased sense of agency support, and permit managerial discretion. For wildfire
response, policies can specify areas where natural wildfire is to be encouraged or avoided (Arno
& Brown, 1989). Suppression policy establishment requires the judgement of experienced fire
managers, but benefits from a quantitative assessment of suppression effectiveness and
variability (Thompson et al., 2016a).
Objective comparison of risk due to suppression policy offers novel and valuable
decision support. This analysis evaluated two ends of the response spectrum: the absence of
suppression and its indiscriminate application. However, patterns of risk exposure that emerge
from modest changes in suppression policy are difficult to anticipate. An analysis based on the
methods presented above may be used to predict fine-scale spatial outcomes, with burn
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probability resulting from the combination of escaped fires and ‘managed’ ignitions which meet
pre-identified prescriptions.
Assumptions and Limitations
The results of any model depend on the quality of its assumptions and data inputs. This
is particularly true of burn probability analyses, which produce complex, emergent outputs that
are challenging to verify (Parisien, Miller, Ager & Finney, 2010). This approach relied on
assumptions common to burn probability analyses, as well as additional principles that informed
the approximation of an unconstrained fire regime and initial attack operations.
Spatiotemporal Weather Variation. As with most fire models, burn probability tools
simplify fire weather. For instance, a single weather station represented conditions across the
study area, and a single weather observation characterized each spread-day. Fine-scale variation
in rainfall was not considered, and fire weather was not adjusted for the influence of elevation.
Foliar moisture content was estimated for elevation and season, and persistent inversions
common in the study area may moderate vertical gradients in fire weather. However, natural
variability in fuel load and moisture due to aspect and elevation are incompletely represented.
These are influential factors in the burning environments of mountainous regions, and their
absence tends to homogenize burn probability results.
More broadly, the model assumes that the near future is well-informed by the historical
range of variation captured in the observed record. That may not be the case in a changing
climate. A cursory review of local weather records from 1941 - 2016 does not support the
hypothesis of significant increase in either average or severe fire weather during peak fire
season. Increases in area burned over the past two decades may therefore be linked to
lengthening fire seasons, particularly in climate-limited regions such as the Canadian Rocky
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Mountains. This could increase both number of ignitions and availability of otherwise snowbound fuels. Several studies explicitly examine the effect of climate on future BP (see Wang et
al., 2016; Parisien et al., 2010), but it is not considered here.
Simulating Fire Suppression. The study methods captured many important aspects of
fire response and containment, but simplified two factors. Initial attack response times were
fixed and stratified by ignition cause, and the likelihood of extinguishing a fire before significant
spread was fixed by season.
Initial attack response times are stochastic, and neighboring ignitions can have widely
different response times due to travel barriers and corridors. During the most active fire seasons,
multiple concurrent ignitions can delay response as suppression capacity becomes overwhelmed.
Fixed values, as used in this study, have the effect of homogenizing suppression effectiveness
and amplify the role that initial fire behavior plays in containment. A larger study area would
benefit from zoned response times, preferably with a stochastic component informed by crew
performance observations.
The IA containment rate in this study was calibrated to match observed rates by
introducing the chance of fire suppression prior to the first spread-event. This pre-spread POC
was fixed by season, which captures the stochastic nature of delayed growth and early detection
but does not account for spatial influences. For example, a smoldering ignition in a
transportation corridor is more likely to be detected early than another in a remote valley, and
only fuel types with significant duff layers routinely support extended smoldering. More
nuanced consideration of these factors would improve the accuracy of simulated suppression.
The methods here assume that an unimpeded fire regime can be reckoned from analysis
of fire and stand history records. For the study area, historical reports suggested suppression had
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little impact on the largest fires and a comprehensive time-since-fire dendrochronology study
permitted insights into pre-suppression fire history. These observations will vary in other
regions.
Ignition Spread Conditions. While most BP analyses focus on accurately reproducing
significant spread-events, this method also captures the moderate spread of smaller fires. BurnP3 assumes every fire-conducive day is equally likely to be a spread-event. Similarly, our
analysis assumed every day is equally likely to occur during a fire lifespan. Initially, I was
concerned ignitions may encounter unrepresentatively poor burning conditions, and be biased
towards low fire behavior and high probability of containment.
In fact, results suggest the opposite: initial burning conditions may be biased towards
growth. While three-quarters of observed fires were below 1 ha, only 22% of unsuppressed
Burn-P3 ignitions remained below 1 ha after the first spread-day. Further, mean probability of
containment calculations were 74%, below observed rates. These phenomena are likely due to
co-occurrence of lightning ignitions and precipitation, which mean most fires begin under
elevated fine fuel moisture levels. The inclusion of pre-spread IA containment mitigates both
concerns in this study. However, a fine-scale investigation of initial burning conditions could
help understand the factors affecting ignition establishment, survival, discovery, and suppression.
Future Directions
With refinement, analyses that assess management options using burn probability can
provide broad decision support. BP simulations could help managers allocate initial attack
resources. Enhanced probability of containment estimations could explicitly consider number of
fire crews, distribution on the landscape, concurrent ignitions, and the availability and response
time of aviation resources.
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More importantly, this approach can be adapted to assess cumulative risk across years
and decades. The interactions of management decisions and self-regulating landscape
disturbance patterns is a complex, pressing issue in modern fire management. Simulations could
reproduce patterns of vegetation succession across years and decades, and investigate the effects
of fire policy on long-term risk (as in Houtman et al., 2013; Miller, 2012).
Conclusion
This study demonstrated a method of assessing the effectiveness of a widespread fire
management approach: initial attack. Fire managers are responsible for decisions with uncertain
odds, complex interactions, and high consequences. Determining strategy is necessarily an
exercise in judgement. However, the analytical approach described here provides decision
support by identifying patterns of emergent risk and how management techniques alter them.
Further developments in area, with management strategy as control variable and burn probability
as risk metric, hold promise for informing management policies that can realize the benefits of
wildfire while reducing harm to values-at-risk.
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Appendix
Verdant Creek Wildfire

Figure 17. Approximate point of ignition and extent of the Verdant Creek Wildfire in 2017.

