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Abstract: Optimized wildfire risk reduction strategies are generally not resilient in the event of
unanticipated, or very rare events, presenting a hazard in risk assessments which otherwise rely on
actuarial, mean-based statistics to characterize risk. This hazard of actuarial approaches to wildfire
risk is perhaps particularly evident for infrequent fire regimes such as those in the temperate forests
west of the Cascade Range crest in Oregon and Washington, USA (“Westside”), where fire return
intervals often exceed 200 years but where fires can be extremely intense and devastating. In this study,
we used wildfire simulations and building location data to evaluate community wildfire exposure
and identify plausible disasters that are not based on typical mean-based statistical approaches. We
compared the location and magnitude of simulated disasters to historical disasters (1984–2020) in
order to characterize plausible surprises which could inform future wildfire risk reduction planning.
Results indicate that nearly half of communities are vulnerable to a future disaster, that the magnitude
of plausible disasters exceeds any recent historical events, and that ignitions on private land are
most likely to result in very high community exposure. Our methods, in combination with more
typical actuarial characterizations, provide a way to support investment in and communication with
communities exposed to low-probability, high-consequence wildfires.

Keywords: wildfire risk; risk assessment; community exposure; FSim; surprise; wildfire disaster

1. Introduction

“A single number is not a big enough concept to communicate the idea of risk. It takes a
whole curve.” [1]

Across the United States, the scale of wildfire-related losses annually outpaces avail-
able resources at the disposal of federal, state, and local actors to mitigate future losses.
Driven by federal policy, wildfire risk science has advanced rapidly over the past decade to
inform mitigation and adaptation strategies and to support strategic allocation of resources
across space and time [2–8]. In the United States, wildfire risk sciences have coalesced
around an actuarial definition of risk, where risk is defined as both the probability of
wildfire occurrence and the consequence of wildfire given that it occurs [6]. Building on
that definition, quantitative wildfire risk assessments simulate wildfire occurrence, assess
both negative and positive socioecological consequences, and report risk using integrated
metrics that can be combined across diverse resources and values and across diverse
landscapes [9]. In both wildfire response and pre-season planning settings, quantitative
wildfire risk assessment outputs are used to develop optimized strategies that minimize
net negative and maximize net positive impacts from wildfire [5,7,10].

While wildfire risk scientists have necessarily agreed upon shared definitions of
risk, it is important to recognize that the public at large does not adhere so strictly to
actuarial definitions of risk [1,11,12]. For instance, a homeowner might ask ‘what is the
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risk of a wildfire in my community,’ when what they are really asking is ‘what is the
probability of a wildfire in my community?’ In this case, the homeowner is using the
word risk to ask about what risk scientists actually call “hazard,” or the probability of a
threat, but the homeowner is not asking about consequences. Divergent definitions of risk
may complicate communication, but as quantitative risk assessment outputs are used in
more and more decision settings by diverse audiences (i.e., emergency managers, non-fire
resource professionals, community planners, etc.), it is essential to continually review and
refine how we communicate risk to support decision making in different contexts [13].

Communicating and characterizing risk in the context of low-probability, high-conse-
quence events is particularly challenging [14]. While other disciplines from financial
planning to national security and even other natural hazards have developed strategies
for explicitly characterizing low-probability, high-consequence events, wildfire risk as-
sessments generally rely on mean-based statistics [13,15–20]. Mean-based statistics are
inadequate for communicating the plausibility of extreme events let alone communicating
the magnitude of risk [21]. Explicitly characterizing outlier events is particularly important
with respect to wildfires because it is precisely those fires which have disproportionate
socioecological consequences [22–26]. Not only do outlier events have disproportionate
impacts, they are also society’s most fecund opportunity for novel learning in complex
systems and subsequent adaptation planning [27–29].

Arguably, most if not all wildfire impacts are the result of a disproportionately small
number of fires, but this is perhaps especially true in landscapes vulnerable to infrequent,
but very intense wildfires. For instance, fire return intervals in forests west of the Cascade
Range crest in Oregon and Washington, USA (“Westside”), regularly exceed 200 years
and annual burn probabilities are commonly estimated to be less than 0.0001 [30–33]. At
the same time, a handful of fires over the past 120 years have demonstrated that when
fires eventually occur, the consequences can be extreme [23,34]. Most notably, a spate of
synchronous Westside fires in 2020 burned over 300,000 ha, causing the evacuation of
nearly 100,000 people, killing five, and resulting in several billion dollars of damage. The
2020 wildfires were often described as “unprecedented” when in fact they were generally
characteristic of fires that have impacted the region during the past several centuries,
thereby demonstrating the challenge of communicating risk in a landscape driven by very
rare events [30,35,36].

One hazard of risk, then, is that depending on the definition and methods used to
communicate risk, risk assessments may point end-users towards supposedly rational
solutions that might not be so rational under a different definition of risk [37]. On the
Westside specifically, risk assessments may point decision makers towards optimized
risk reduction strategies that are highly vulnerable to the types of infrequent, extreme
events that are characteristic of the region. Westside communities are rarely represented,
named, or ranked in community wildfire risk and exposure reports and papers drawing
on mean-based metrics, giving the impression that Westside communities are either not
at risk at all, or that the risk is miniscule, and resources should be allocated elsewhere.
Typically communities within higher-frequency fire regimes are emphasized in reports
and maps [38,39]. Yet, 75% of the population in Oregon and Washington live in Westside
communities along with all of the associated essential infrastructure and services. While
wildfire may be an unlikely annual occurrence, the potential consequences and concerns
around wildfire in these areas demands a more nuanced approach to understanding and
communicating risk.

A second hazard of risk as it is so often presented in risk assessments is that integrated,
unitless metrics are not easily translated outside the context of the risk assessment itself.
Unitless metrics are designed to compare and integrate risk across diverse resources and
assets so that, for example, the risk to communities and the risk to wildlife are expressed
on the same unitless scale (−100–100) and can be combined to calculate a single, compre-
hensive risk value [6,9]. When operating with an optimization mindset, integrated risk
is useful, but to the community planner who wants to know how many homes might
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be lost during an extreme event, a risk of −75 is not insightful. Risk assessments are
used in increasingly diverse decision settings and methods are needed to tailor output
to communicate risk for audiences that are using a non-actuarial lens. Wildfire exposure
analysis, instead of risk analysis, does not require integrated metrics and therefore may be
an effective way to communicate the plausibility of rare events to broad audiences [40].

Rather than rely solely on mean-based and integrated metrics, risk communication
in low-frequency fire regimes would benefit from surprise analysis [41]. Surprises are
unforeseen, rare, and highly impactful events, and surprise analysis strives to identify
potential events that have not otherwise been characterized and to communicate their
potential consequences. Surprises are not always calamitous events, but in the case of
Westside fire, there is an obvious interest in anticipating potential future disasters in terms
of damage to communities. The potential benefit of surprise analysis is that by identifying
these events before they happen, we have an opportunity to identify vulnerabilities and
adapt without actually having to experience the negative consequences of a disaster.
Incorporating surprise analysis into the risk assessment process is particularly useful in
low-frequency fire regimes, but may also be useful in socioecologically similar settings such
as Patagonia and New Zealand, or even in temperate and boreal forests, where extreme
fires are becoming more common [42,43].

Often, potential surprises are identified using statistical analyses of rare event distri-
butions, but in Westside landscapes, where the empirical fire record is limited by the very
nature of the fire regime, statistical methods may be insufficient [21,25,44,45]. In which
case, simulations provide an opportunity to investigate plausible surprises. In particular,
Monte Carlo-style wildfire simulators produce thousands of iterations of plausible event
scenarios and hundreds of thousands of simulated wildfires, many of which presumably
illustrate plausible Westside surprises [46,47]. The authors in [41] used simulations to
investigate plausible future surprises in western Oregon that might arise as a result of
climate change, but to the authors’ knowledge, no studies have investigated plausible
contemporary surprises.

In order to demonstrate the utility of surprise analyses in low-frequency fire regimes
we used wildfire simulation outputs that were from an existing assessment and building
location footprint dataset to identify plausible wildfire disasters in Westside communi-
ties [31,48]. We also compared simulated disasters to historical Westside fires to evaluate
the relevance of the simulation data when characterizing infrequent fires, as well as to
extract lessons from the simulated results. Specifically, we addressed the following ques-
tions: (1) what were the magnitudes and sizes of simulated disasters and how did they
compare to historical events; (2) Which communities have experienced historical exposure,
and which communities are vulnerable to plausible future disasters; (3) What is the source
of simulated community disaster exposure; and (4) How does maximum simulated expo-
sure compare to mean annual building exposure and worst-case scenario-integrated risk
metrics? We anticipated that the simulations would illustrate novel disasters in terms of
location and magnitude compared to historical events. Further, we anticipated that using
maximum community exposure would illustrate unique spatial risk distributions among
Westside communities compared to either mean annual exposure, or integrated worst-case
scenario risk. Our aim is to demonstrate that non-actuarial characterizations of risk provide
additional information that is useful to managers and planners in any fire prone landscape,
but particularly so in low-frequency fire regimes.

2. Materials and Methods

2.1. Study Area

The study area (Figure 1) is predominantly the region west of the Cascade Range
crest (“Westside”) in Oregon and Washington, USA, covering approximately 12.6 million
hectares. The Cascade Range crest, running north to south from Washington to Oregon,
and in many places rising above 3000 m, plays an enormous role in shaping PNW climate,
generally separating temperate maritime conditions on its west side from the arid, high
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desert to its east. The study area comprises multiple pyrome given in the national pyrome
dataset, also used by the Pacific Northwest Quantitative Wildfire Risk Assessment [31,49].
Pyromes are ecoregion polygons closely aligned with Level III ecoregions [50] but adjusted
to reflect fire regimes and, in some cases, fire management jurisdictions. The study area
extends to forested areas east side of Cascade Range crest in some cases, to account for fires
that ignite east of the crest but are transmitted across the crest. Ecoregions of southwestern
Oregon were not included owing to their different climate and fire characteristics, which
are typically aligned with more frequent fire regimes.
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The region is characterized by a temperate maritime climate influenced strongly
by topography. Annual precipitation ranges between approx. 150–500 cm, the highest
amounts falling in temperate rain forests in the Olympic Peninsula and along the coast.
Most precipitation falls between October and April as snow at higher elevations and rain
below. Summers are generally very dry, although fog is common in on the coast [51]
and rainstorms occur in the west Cascades [33]. Maximum summer temperatures range
between approx. 20–38 ◦C. Historic Westside fire occurrence has been closely linked to
periods of short-term drought in late summer and fall [52]. Particularly disastrous Westside
fires appear to be the result of drought, synoptic east winds, and ignition location [53].

Due to the mild and wet climate, Westside forests are exceptionally productive. While
generally characterized by mixed-moist conifer forests, potential vegetation types follow



Forests 2021, 12, 934 5 of 20

approximate elevation gradients. Much of the region between the Coast Range and Cas-
cade Range below ~ 1000 m is in the western hemlock (Tsuga heterophylla) vegetation
zone, but Douglas fir (Pseudotsuga menziesii var. menziesii), is the most common extant
species [23,33,54]. Higher elevations in the Cascades are in the Pacific silver fir (Abies ama-
bilis) and mountain hemlock (Tsuga mertensiana), zones. Coastal forests in Oregon and in the
Olympic Peninsula are temperate rainforests dominated by Sitka spruce (Picea sitchensis)
zone. Forest structure and composition have been heavily influenced by a legacy of and on-
going intensive forest management [55]. National Forests cover approximately 3.5 million
hectares, nearly 30% of the study area, mostly at higher elevations in the west Cascades but
also including much of the Olympic Peninsula. National Forests are managed for multiple
use objectives, but commercial timber harvests have been significantly reduced over the
past three decades. Private industrial timber management is common at mid-elevations
in the west Cascades and throughout the Coast Range, where silvicultural prescriptions
are dominated by clear cut methods. Lower elevations in the Willamette Valley and Puget
Trough are dominated by private, non-industrial management including agriculture. Ap-
proximately 70% of the PNW population live in the Westside, predominantly in the Seattle,
WA (3.8 million people) and Portland, OR (2.7 million people) metro areas.

2.2. Historical Wildfire Data

Historical building exposure was calculated using two historical fire datasets, col-
lectively representing 1984–2020. We used fire perimeters from Monitoring Trends in
Burn Severity (MTBS) for fires in the period 1984–2018 [56]. MTBS includes all incidents
≥405 hectares; we excluded prescribed fires from our analysis. In addition, we included
fire perimeters from 2019 to 2020 available from the National Interagency Fire Center
(NIFC) [57,58]. NIFC records are not limited by size like the MTBS records. NIFC archives
include multiple features for each fire representing the fire over time; for each fire we used
the most recent feature, assuming that doing so would be the best estimate of final fire size.
Fires from both MTBS and NIFC were included in the historic dataset if any portion of the
fire intersected the Westside study area (n = 66, Figure 1B). We assume that collectively
this historic dataset includes nearly all exposure events from 1984 to 2020 but recognize
that because of limitations in each of the data sources, we may not have accounted for all
historical exposure.

2.3. Simulated Wildfire Data

We analyzed output from wildfire simulations that were conducted as part of the
2018 Pacific Northwest Quantitative Wildfire Risk Assessment (QWRA) [31]. Simulations
were performed using the FSim Large Fire Simulator which has been widely used for
local, state, regional, and national fire planning [46,59–62]. FSim has been described in
detail elsewhere [46]. Therefore, we provide only its key features. FSim is a Monte Carlo
simulation that produces tens of thousands of iterations of a statistically plausible fire
season [46]. FSim is calibrated based on relationships between Energy Release Component
(ERC) and historical large fire occurrence [63]. Using modules for weather generation,
ignition, fire growth and suppression, FSim simulates daily fire scenarios across tens of
thousands of fire seasons with statistically plausible but variable daily weather scenarios,
and stores spatially explicit final perimeters for each fire as well as the ignition location [64].
QWRA simulations were based on contemporary climate from 1992 to 2012; vegetation
and fuel conditions were based on 2014 LANDFIRE data layers but were updated to
account for post-2014 disturbances and based on local knowledge from fire and natural
resource managers; and recent historic fire occurrence data were primarily drawn from
the national Fire Occurrence Dataset which includes all ignitions 1992–2015 but again
updated to include fires in the period 2015–2017 [31,65–73]. QWRA simulations were
conducted for 23 contiguous model domains across all of Oregon and Washington at 120 m
resolution. Our simulated fire dataset includes all fires that intersected the Westside study
area (n = 507,539). We elected to use simulations from the QWRA because the model was
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carefully updated and calibrated with insight from regional fire personnel and because it is
the most recent, available risk assessment for the area. The information and data in the
QWRA are also referenced and used widely among planners and managers across Oregon
and Washington and our analysis will provide a useful complement to those applications.

2.4. Building Exposure

Exposure was looked at in two related ways. First, we determined the per-fire exposure
for each simulated and historical fire by intersecting fire perimeters with building footprint
data which represents building locations identified using satellite imagery from 2015 [48].
We used only building centroids that fell within the study area, so for fires that burned
across the study area boundary and may have exposed buildings both inside and outside
of the study area, we counted only buildings exposed within the study area. We further
classified any historical or simulated wildfire that exposed more ≥100 buildings as a
“disaster.” The threshold is based on literature related to empirical building loss analyses,
but our methods measure wildfire exposure only rather than consequences (i.e., extent
of building damage) [3,74]. For that reason, “disasters” identified in this study are best
interpreted as potential disasters in this study. We visually evaluated the relationship
between fire size and exposure magnitude in order to determine how many exposure events
were disasters and how many disasters were the result of very large fires (≥20,234 ha).

Second, we identified the maximum simulated and historical community exposure
events for each of 646 communities. We used community definitions and boundaries devel-
oped by which are based on census-designated communities but which are also expanded
to include rural, often unincorporated, development based on GIS-determined drive-time
analysis [75]. The authors in [39] also used this community dataset in an exposure anal-
ysis, allowing us to compare results. We excluded communities along the southern and
eastern edges of the study area when ≤50% of the buildings within that community were
outside the Westside study area. For each community, we intersected all the historic and
simulated wildfires and then, using the intersected perimeters, calculated the resulting
building exposure within the community resulting from each fire. This allowed us to
assign a list of simulated fires to each community and to then use exceedance probability
curves to compare the likelihood of exposure magnitudes across communities [76]. At the
community level, we also plotted the relationship between average annual burn probability
(averaged across all burnable pixels for each community) and the maximum simulated
exposure for that community.

2.5. Exposure Source

We evaluated the source of simulated community exposure in several ways. First,
we calculated ignition exposure potential as a way to visually evaluate where the most
consequential wildfires ignite. Using the per-fire exposure calculations described above,
we added building exposure as an attribute to each simulated ignition point and then
interpolated the surface using inverse distance weighting with a power of 0.5, 90 m cell
size, and a 7.5 km search radius. Maximum exposure values were binned and mapped
using a quantile method.

Second, we evaluated the source of community exposure by assessing where exposure
events ignited with respect to land management types and the wildland urban interface
(WUI). Land management types were classified into six categories: US Forest Service,
Other Federal, State, Local, Private Non-Industrial, and Private Industrial [77]. For all
fires that resulted in any exposure within a community, we calculated the number of
buildings and proportion of total exposed buildings that resulted from ignitions in each
major land management type. Similarly, for WUI classes, we calculated the number of
exposed buildings and proportion of total exposure that resulted from ignitions in each
of four classes based on 2010 population and vegetation conditions [78]. The four WUI
classes include intermix, interface, forest, and urban.
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We did not evaluate exposure source for historical buildings because at the time of
writing, ignition locations for the 2020 fires had not been confirmed and these fires comprise
an overwhelming majority of historical exposure.

2.6. Exposure Metric Comparison

Community vulnerability can be characterized and communicated in multiple ways
depending on the context and audience. Our aim was to visually compare community
maximum simulated building exposure (our analysis) with two other common metrics:
(1) mean annual building exposure and (2) worst-case scenario conditional net value
change (cNVCworst) for communities. We calculated mean annual building exposure for
each Westside community by multiplying the community-wide annual burn probability
reported in [39] by the total number of buildings within the Westside study area within
each community. cNVCworst was calculated following methods presented by Thompson
et al. (2016) and using data layers from [31]. Conditional net value change (cNVC) is
a risk metric that reports the expected consequences, given that a fire occurs. cNVC
is calculated using pixel-level wildfire intensity values derived from simulations, pixel-
based maps of highly valued resources and assets (“HVRA”, i.e., buildings), and expert-
derived response functions that indicate how HVRAs respond to fires of a given intensity
on a scale of −100 to 100. Pixel-based calculations were summed within simulated fire
perimeters to calculate per-fire cNVC. For our purposes, we were interested in comparing
per-fire worst-case scenarios to maximum building exposure so we calculated cNVCworst
for each simulated fire using the Where People Live HVRA (WPL) and associated response
functions described in [31]. cNVCworst is interpreted as the worst-case scenario simulated
consequences given that a fire of the highest intensity occurs.

3. Results

3.1. What Were the Magnitudes and Sizes of Simulated Disasters and How Did They Compare to
Historical Events?

Simulations produced 507,539 fires that intersected the Westside study area, of which
21% (n = 108,114) exposed at least one building within the study area. Per-fire building ex-
posure ranged between one and 2340 buildings (Figure 2A). The maximum simulated event
exposed more than twice as many buildings as the largest historical exposure event which
exposed 1120 buildings (Figure 2A). In fact, the simulations included 22 fires that resulted
in exposure equal to or greater than the worst historical exposure, and 2526 examples of
plausible disasters (Figure 2B). The historical fire dataset includes only eight Westside
disasters, and of those, six occurred simultaneously in September 2020 and account for 75%
of all exposure in the historical dataset. Furthermore, the 2020 Beachie Creek Fire alone
accounts for 37% of all historical building exposure from 1984 to 2020 (Table 1).

The most disastrous simulated wildfires were not necessarily the largest simulated wild-
fires (Figure 3). The median size of simulated exposure events was 159 ha (mean = 961 ha)
and the median size of simulated disasters was 1041 ha (mean = 2677 ha). Simulations did
include 173 very large wildfires (≥20,234 ha), but only 32 of those were also disasters
based on our definitions (Figure 3). However, simulated very large wildfires made up
approximately 11% of all simulated exposure despite comprising just 0.03% of simulated
fires. In contrast, the largest historical fires were also the greatest exposure events (Figure 3).
Historical exposure events ranged in size between approximately 20 and 80,000 ha, and the
median size of historical exposure events was 3248 ha (mean = 10,650 ha). In contrast to
simulations, very large fires accounted for 74% of all historical Westside building exposure,
most of which was the result of five fires that occurred in 2020 (Table 1). Notably, not all
historical disasters were the result of very large fires; the Echo Mountain Complex (2020)
burned just 996 hectares but exposed 363 buildings, the third greatest exposure event since
1984 (Table 1).
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Table 1. Top ten historical fires (1984–2020) that resulted in the greatest building exposure.

Fire Name Year Area Burned (ha) Buildings
Exposed

Beachie Creek 2020 78,218 1120
Holiday Farm 2020 40,031 845

Echo Mountain Complex 2020 996 363
Riverside 2020 55,905 357
Lionshead 2020 74,402 309

Archie Creek 2020 40,581 292
Hatchery Complex 1994 11,033 258

B & B Complex 2003 36,938 209
Norse Peak 2017 20,645 96
Chetco Bar 2017 78,860 68

3.2. Which Communities Have Experienced Historical Exposure, and Which Communities Are
Vulnerable to Plausible Future Disasters?

Historically, only 1.5% (n = 10) of Westside communities experienced any building
exposure between 1984 and 2020. However, when communities did experience exposure,
70% of instances were of disaster proportions. The greatest historical exposure events were
the result of the 2020 wildfires affecting communities in the Oregon west Cascades (i.e.,
Gates, Estacada, and Springfield) and Oregon coastal communities such as Rose Lodge
(Figure 4). The greatest historical community exposure event was 684 buildings, a result of
the Holiday Farm Fire (2020) outside Springfield, Oregon (Figure 4). It is important to look
at disasters as absolute exposure and also a percent of the total community. For instance,
684 buildings exposed in Springfield makes up just 3% of all buildings in the community.
In contrast, 513 buildings in Detroit, Oregon accounted for 97% of all community buildings.
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Simulations revealed that plausible disasters are widespread, occurring across the
Westside. Ninety-six percent (n = 617) of communities experienced simulated exposure,
and 43% (n = 275) of communities experienced a simulated disaster (Figure 4). Simulated
community maximum exposure ranged between one and 2098 buildings. The highest
simulated exposure event occurred in Rochester, Washington, a town with no historical
exposure and very limited fire occurrence in general. The Rochester simulated fire burned
2098 structures which is approximately 39% of all structures within the community. In
almost all cases, simulated community maximum exposure greatly exceeded historical ex-
posure. Notable exceptions are in several of the communities affected by the 2020 wildfires,
where historical fires exposed more structures than simulations (Figure 4).

Simulations also reveal that some communities are more vulnerable than others to
plausible disasters and that the communities with the most simulated disasters or the
highest maximum exposure are not necessarily the communities with highest annual burn
probabilities (Figure 5). Many communities experienced more than one simulated disaster
and, in some cases, the communities that experienced the most disasters were also commu-
nities with the highest annual burn probabilities such as Myrtle Creek, Oregon (Figure 5).
In many other cases, a high number of disasters were simulated in communities with
comparatively low annual burn probabilities, as in Yelm, Washington, where the annual
burn probability is an order of magnitude lower than Myrtle Creek, Oregon (Figure 5).
Exceedance probabilities in Figure 6 help to illustrate the range of community vulnerability
to disasters. Communities with comparatively high annual burn probability such as Brook-
ings, Oregon have elevated likelihood of disasters that expose 500–1000 buildings, whereas
communities with comparatively low annual burn probabilities have shallow exceedance
probability curves with very long tails (Figure 6).

3.3. What Is the Source of Simulated Community Disaster Exposure?

Approximately half of all simulated community exposure was the result of fires that ig-
nited within the community where the exposure occurred. Simulated community disasters
were particularly likely to be the result of an intracommunity fire; 86% of disaster-caused
exposure was the result of an ignition inside the community where the exposure occurred.
This is a somewhat different picture of the source of risk compared to historical exposure,
97% of which was the result of fires that exposed buildings in multiple communities.

Across the Westside, ignitions in forest-type WUI classes were the source of approxi-
mately 50% of all simulated exposure (Table 2). However, the majority of all the simulated
disaster exposure in communities was the result of ignitions on land managed by private,
non-industrial owners (Table 2) and ignitions in close proximity to population centers
(Figure 7). Despite comprising 26% of the Westside study area, fires originating on national
forests accounted for just 8% of exposure incurred during a disaster. For individual com-
munities, the composition of exposure sources varied (Figure 8). For instance, there were
eight simulated disasters in Duluth, WA, all of which ignited in urban WUI classes whereas
the 20 simulated disasters in Toledo, WA ignited in all major WUI classes (Figure 8).
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Table 2. Percent of simulated exposure that resulted from ignitions occurring in each WUI and land manager classes.
Disaster exposure includes only exposure from simulated fires that exposed ≥ 100 buildings.

Source Portion of Study Area Total Exposure Disaster Exposure

WUI Class
Forest 77% 51% 43%

Intermix 9% 35% 41%
Interface 3% 8% 10%

Non-Vegetated 10% 5% 5%
Land Manager

Private Non-Industrial 57% 82% 89%
USFS 26% 11% 2%

Other Federal 8% 2% 1%
Local <1% <1% <1%

Private Industrial 3% <1% <1%
State 4% <1% <1%
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3.4. How Does Maximum Simulated Exposure Compare to Other More Common Risk Assessment
Metrics Derived from Simulations?

Mean annual exposure and cNVCworst each illustrate unique spatial distributions of
community wildfire risk (Figure 9). Westside community mean annual building exposure
ranges from ≤0.01 across much of the region to 16.2 buildings in Trout Lake, Washington
and, in general communities with the highest mean annual exposure are communities
on the eastern and southern edge of the study area (Figure 9A). Notably, many of the
communities that had the highest maximum simulated exposure (Figure 4B) have some of
the lowest mean annual exposure values (Figure 9A). Like maximum simulated exposure
(Figure 4B) and distinct from mean annual exposure (Figure 9A), cNVCworst appears to
highlight communities in more populous parts of the Westside (Figure 9B). cNVCworst
values ranged from −23,374 to zero and communities in and around the Portland and
Seattle metro areas have some of the most negative cNVCworst values, as do communities
in coastal Oregon (Figure 9B).
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4. Discussion

It may seem obvious that Westside communities are, in fact, exposed to wildfire disas-
ters. The 2020 wildfire season and periodic events over the last century have demonstrated
the capacity of Westside forests to produce large, intense, and destructive wildfires. Yet,
Westside communities are rarely if ever explicitly included in risk and exposure reports that
rank communities across the PNW [38,39]; and, when annual burn probability-based wild-
fire risk is mapped across the PNW, there is little to no visual complexity across Westside
landscapes, leaving Westside planners and managers curious about how to characterize
their risk [31,79]. The hazard of adhering strictly to actuarial definitions of risk is that
the plausibility of surprising fires, the very fires that inevitably have the greatest conse-
quences, is not adequately communicated. So, while the plausibility of Westside disasters
is not inconceivable in and of itself, our aim here was to demonstrate the value of specific
and intentional methods for characterizing community wildfire risk in low-frequency fire
regimes [14,16,20,26]. The concept of anticipating surprises has been applied to Westside
wildfire risk when considering the potential impacts of climate change, but here we demon-
strated the utility of surprise analysis for contemporary risk, showing that in low-frequency
fire regimes with limited empirical records, past fires are by no means a complete projection
of plausible disasters in the near future [41]. Planners and managers can use our results,
or re-create the analysis for other resources (i.e., water provision infrastructure), to build
narrative scenarios and further explore community vulnerability [80,81].

Interestingly, by comparing simulated and historical events in our analysis, we ob-
served that many Westside communities are vulnerable to disasters which are unlike any
historical events. Simulated disasters were novel with respect to the specific communities
affected and the magnitude of per-fire exposure. Such results might be expected given the
paucity of empirical information from areas with low-frequency fire regimes. Over 40%
of Westside communities are vulnerable to plausible disasters, including communities in
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and around the most populous parts of the region and communities with no historical
exposure record. For instance, Rochester, WA, which experienced the greatest disaster
in the simulations, is listed in [39] as having zero annual residential exposure and which
we illustrated in Figure 7 in the lowest category of annual building exposure. Consistent
with previous observations that simulated annual building exposure commonly exceeds
empirical annual exposure across the western United States, we found that simulated
disasters greatly exceeded any historical fire in terms of number of buildings exposed [82].

Our results indicated that future disasters are most likely to be the result of fires
that ignite on private land in relatively close proximity to community infrastructure.
Despite the fact that this finding is consistent with similarly modeled exposure analyses
simulations, it is still somewhat unanticipated for two reasons [38,39,83,84]. First, ignitions
in interface or intermix WUI, in close proximity to structures, are generally discovered
quickly, agencies can respond efficiently, and, historically, suppression reactions have
been particularly strong [85,86]. One explanation for our finding is that FSim uses a
perimeter trimming algorithm to simulate the effect of suppression on fire size but it is
agnostic of suppression concerns such as proximity to high-value resources or suppression
difficulty [46]. A second reason that our results are unanticipated is that they do not
obviously align with historical precedent. The majority of historical exposure in our
analysis was the result of a handful of fires in 2020 that appear to have ignited on U.S.
Forest Service land, although at the time of this writing ignition locations have not been
confirmed. Regardless of the land manager associated with their ignition, those few
fires (i.e., Beachie Creek and Holiday Farm, Table 1) were very large fires that ignited
remote from the communities where they eventually caused enormous exposure (i.e.,
Springfield and Gates, Figure 4). Given the historical record and the limitations we noted
regarding FSim’s suppression module, readers might choose to downplay the plausibility
of simulated disasters, but we caution against doing so. While the simulated disasters are
without obvious precedent in the historical record, they are similar to the Alameda Drive
Fire which burned approximately 1200 hectares in southwest Oregon, just outside our
study area, but exposed over 1600 buildings, destroyed 700 and claimed four lives. Similar
events have not taken place in Westside communities in the historical record, but our
results demonstrate that many Westside communities have combinations of fuel continuity
and building density capable of facilitating a disaster [74,82,87].

In order to specifically characterize Westside community wildfire risk, we combined
probabilistic and surprise analysis techniques. Similar to previous studies, we avoided
the limitations of mean-based rankings by using exceedance probabilities help to clearly
illustrate plausible outlier events as well as to communicate the likelihood of outlier
events [76,82,84,88]. In the instance of Westside community exposure, exceedance probabil-
ity curves help reinforce the idea that disasters are exceedingly unlikely especially on an
annual basis, but are possible and could have extreme consequences. In contrast to mean-
based statistics which distill exposure down to a single number, exceedance probabilities
illustrate an entire spectrum of exposure for each community [1]. Further, by comparing
community annual burn probability with community exposure exceedance probabilities,
we demonstrated that the former does not accurately predict or adequately communicate
the magnitude of plausible disasters.

Similarly, we included a visual comparison of our exposure metric with cNVCworst
which uses methods outlined in [76] to characterize per-fire worst-case scenarios with
respect to communities. Even though cNVCworst is intended to communicate wildfire
consequences, which exposure does not, our results demonstrate by comparison how
cNVCworst is relatively intractable outside the context of a risk assessment, arguably limit-
ing opportunities for effective risk communication. Integrated metrics have gained favor to
facilitate prioritization across diverse resources and assets, but other studies have demon-
strated examples of ways that simple exposure metrics, as opposed to integrated risk, can
be used to prioritize risk reduction activities [40,88].
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One limitation of our method that deserves attention is that the simulations we used
were performed in 2017, prior to the record-setting fire season of 2020. FSim is a Monte
Carlo-style model and generates tens of thousands of versions of a plausible fire season
based on recent-historical fire occurrence and climate. Across all those iterations the
simulations did produce fires that were novel in terms of size compared to empirical fires
in the period 1984–2017 but did not produce any fires as large or synchronous as the four
largest in 2020. This could reflect the paucity of historical fire data and extreme weather
information available to calibrate FSim. Inclusion of the 2020 fires and their associated
weather conditions would most likely have some impacts on future simulations. The
weather that fueled Westside wildfires in 2020 was anomalous and does not appear in
the weather records used to calibrate the simulations we used [88]. Accordingly, the
simulations and our subsequent analysis should not be interpreted as true worst-case
scenarios. While downslope winds such as those that fueled the 2020 wildfires in western
Oregon are generally considered to have fueled many of the region’s most significant
historical fires spanning the last century or more, there is no clear linkage with human-
caused climate change and no agreement on whether or not similar meteorological events
and their consequent fires could become more common [89]. Nonetheless, climate change
is expected to increase fuel aridity and susceptibility in the event of future fires, and across
the western United states, highly synchronous fire events are increasingly likely and could
facilitate disasters not simply because there are more simultaneous fires, but by depleting
available national suppression resources [90–92].

Following on the limitation described above, ongoing future research is aimed at
developing methods to incorporate rare, historical fires into the FSim calibration process.
Generally, large fire size and frequency are calibrated in FSim using a comprehensive
dataset of ignition locations and fire sizes for fires in the period 1992–2015 because it is the
most complete and spatially explicit dataset that is available [93]. Planned work is aimed
at modifying the calibration process to also include pre-1992 fires in the calibration dataset
so very rare fires are included in the range of plausible events. Additional future, related
research could aim to describe the myriad ways and settings in which risk assessments
are designed and outputs are being used. We chose to focus our analysis on a low-
frequency fire regime, where risk characterization is particularly challenging. However, the
importance of audience-tailored risk communication is important in any natural hazard
setting [20,94,95]. As simulated, burn probability-based quantitative risk assessments
are increasingly common and the outputs are widely distributed to broad audiences, not
just fire managers, for use in diverse planning settings, it is important that wildfire risk
scientists continue to deliver information in equally diverse formats to meet broad audience
interests [96]. To that end, future work might also seek to describe how different audiences
respond to the differences between integrated risk metrics and exposure analyses. Finally,
as simulated outputs become increasingly useful in decision support settings and as we
learn more about Westside fire regimes, there is an opportunity to update model calibration
techniques to include more than just the past 30 years of fire history and to, hopefully,
better account for rare events.

5. Conclusions

Characterizing wildfire risk in low-frequency fire regimes is particularly challenging
because common mean-based risk assessments do not explicitly communicate the plausibil-
ity of low-probability, high-consequence wildfires. In addition, empirical information relied
upon to simulate risk that may only cover a few decades of historical records may poorly
describe plausible wildfire events. Combining surprise analysis with probabilistic tech-
niques provides an opportunity to anticipate future wildfire disasters while still informing
resource prioritization schemes. In this study, we demonstrated the utility of simulations
with respect to identifying plausible future Westside community wildfire disasters and
found that simulations illustrated exposure events nearly twice as great as any single
historical event, and also that nearly 50% of communities are vulnerable to future disasters
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even though few have experienced exposure in the past four decades. We found that simu-
lated exposure was most commonly the result of ignitions that occurred on private land in
forest and intermix WUI types. Finally, comparison of our results with other approaches to
risk characterization demonstrated that surprise analysis is complementary and key, and
highlighting Westside communities which are otherwise absent from mean-based analyses.

As wildfire risk assessment output applications become increasingly diverse, our
results provide one method for adapting them for improved risk communication in land-
scapes where wildfire is an infrequent threat. Future work could aim to better understand
and characterize other forms of empirical information to calibrate models, as well as the
myriad applications of wildfire risk assessment outputs and, further, could aim to better
understand how diverse audiences respond to different risk characterization methods.

6. Patents

This section is not mandatory but may be added if there are patents resulting from the
work reported in this manuscript.

Author Contributions: Conceptualization, A.M., B.K.K. and J.B.K.; methodology, A.M.; formal
analysis, A.M.; investigation, A.M.; data curation, A.M.; writing—original draft preparation, A.M.;
writing—review and editing, B.K.K. and J.B.K.; visualization, A.M.; supervision, B.K.K. and J.B.K.;
project administration, A.M., B.K.K. and J.B.K.; funding acquisition, B.K.K. and J.B.K. All authors
have read and agreed to the published version of the manuscript. Please turn to the CRediT taxonomy
for the term explanation. Authorship must be limited to those who have contributed substantially to
the work reported.

Funding: Research was supported in part by an appointment to the United States Forest Service
(USFS) Research Participation Program administered by the Oak Ridge Institute for Science and
Education (ORISE) through an interagency agreement between the U.S. Department of Energy
(DOE) and the U.S. Department of Agriculture (USDA). ORISE is managed by ORAU under DOE
contract number 18IA11261952030. Funding for the appointment was provided by the US Forest
Service’s Westside Fire and Climate Adaptation Research Initiative, Pacific Northwest Research
Station, Corvallis, Oregon.

Data Availability Statement: Data are available upon request.

Acknowledgments: All opinions expressed in this paper are that of the authors and do not necessarily
reflect the policies and views of USDA, DOE, or ORAU/ORISE. We thank Teresa Alcock at Oregon
Dept. of Forestry as well as Alan Ager and Michelle Day from the U.S. Forest Service, Rocky
Mountain Research Station for conceptual support and guidance. We would like to also acknowledge
all the federal, state and private partners engaged in Westside Fire and Climate Adaptation Research
Initiative for their help identifying and articulating the challenges of risk characterization in low-
frequency fire regimes.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Kaplan, S.; Garrick, B.J. On the quantitative definition of risk. Risk Anal. 1981, 1, 11–27. [CrossRef]
2. Ager, A.A.; Barros, A.M.G.; Preisler, H.K.; Day, M.A.; Spies, T.A.; Bailey, J.D.; Bolte, J.P. Effects of accelerated wildfire on future

fire regimes and implications for the United States federal fire policy. Ecol. Soc. 2017, 22, 12–28. [CrossRef]
3. Calkin, D.E.; Cohen, J.D.; Finney, M.A.; Thompson, M.P. How risk management can prevent future wildfire disasters in the

wildland-urban interface. Proc. Natl. Acad. Sci. USA 2014, 111, 746–751. [CrossRef] [PubMed]
4. Dunn, C.J.; O’Connor, C.D.; Abrams, J.; Thompson, M.P.; Calkin, D.E.; Johnston, J.D.; Stratton, R.; Gilbertson-Day, J. Wildfire risk

science facilitates adaptation of fire-prone social-ecological systems to the new fire reality. Environ. Res. Lett. 2020, 15, 025001.
[CrossRef]

5. Dunn, C.J.; Calkin, D.E.; Thompson, M.P. Towards enhanced risk management: Planning, decision making and monitoring of US
wildfire response. Int. J. Wildland Fire 2017, 26, 551. [CrossRef]

6. Finney, M.A. The challenge of quantitative risk analysis for wildland fire. For. Ecol. Manag. 2005, 211, 97–108. [CrossRef]
7. Thompson, M.P.; Ager, A.A.; Finney, M.A.; Calkin, D.E.; Vaillant, N.M. The science and opportuity of wildfire risk assessment. In

Novel Approaches and Their Applications in Risk Assessment; InTech: New York, NY, USA, 2012; pp. 99–120.

http://doi.org/10.1111/j.1539-6924.1981.tb01350.x
http://doi.org/10.5751/ES-09680-220412
http://doi.org/10.1073/pnas.1315088111
http://www.ncbi.nlm.nih.gov/pubmed/24344292
http://doi.org/10.1088/1748-9326/ab6498
http://doi.org/10.1071/WF17089
http://doi.org/10.1016/j.foreco.2005.02.010


Forests 2021, 12, 934 18 of 20

8. United States Government Accountability Office. Wildland Fire Management: Better Information and a Systematic Process could
Improve Agencies’ Approach to Allocating Fuel Reduction Funds and Selecting Projects. No. GAO-07-1168; United States Government
Accountability Office: Washington, DC, USA, 2007.

9. Scott, J.H.; Thompson, M.P.; Calkin, D.E. A Wildfire Risk Assessment Framework Forest Land and Resource Management; U.S.
Department of Agriculture, Forest Service, Rocky Mountain Research Station: Ft. Collins, CO, USA, 2013.

10. Thompson, M.; Bowden, P.; Brough, A.; Scott, J.; Gilbertson-Day, J.; Taylor, A.; Anderson, J.; Haas, J. Application of Wildfire Risk
Assessment Results to Wildfire Response Planning in the Southern Sierra Nevada, California, USA. Forests 2016, 7, 64. [CrossRef]

11. Aven, T. The risk concept—historical and recent development trends. Reliab. Eng. Syst. Saf. 2012, 99, 33–44. [CrossRef]
12. Slovic, P. Perception of risk. Science 1987, 236, 280–285. [CrossRef] [PubMed]
13. Merz, B.; Elmer, F.; Thieken, A.H. Significance of “high probability/low damage” versus “low probability/high damage” flood

events. Nat. Hazards Earth Syst. Sci. 2009, 9, 1033–1046. [CrossRef]
14. Knoblauch, T.A.K.; Stauffacher, M.; Trutnevyte, E. Communicating Low-Probability High-Consequence Risk, Uncertainty and

Expert Confidence: Induced Seismicity of Deep Geothermal Energy and Shale Gas: Communicating LPHC Risk, Uncertainty and
Expert Confidence. Risk Anal. 2018, 38, 694–709. [CrossRef]

15. Goodwin, P.; Wright, G. The limits of forecasting methods in anticipating rare events. Technol. Forecast. Soc. Chang.
2010, 77, 355–368. [CrossRef]

16. Aven, T.; Krohn, B.S. A new perspective on how to understand, assess and manage risk and the unforeseen. Reliab. Eng. Syst. Saf.
2014, 121, 1–10. [CrossRef]

17. Etkin, D.A.; Mamuji, A.A.; Clarke, L. Disaster Risk Analysis Part 1: The Importance of Including Rare Events. J. Homel. Secur.
Emerg. Manag. 2018, 15, 20170007. [CrossRef]

18. Ellingwood, B.R.; Wen, Y.-K. Risk-benefit-based design decisions for low-probability/high consequence earthquake events in
Mid-America. Prog. Struct. Engng. Mater. 2005, 7, 56–70. [CrossRef]

19. Kunreuther, H. Improving the National Flood Insurance Program. In Behavioural Public Policy; Published online by Cambridge
University Press: Cambridge, UK, 2018; pp. 1–15.

20. Merz, B.; Vorogushyn, S.; Lall, U.; Viglione, A.; Blöschl, G. Charting unknown waters-On the role of surprise in flood risk
assessment and management: CHARTING UNKNOWN WATERS. Water Resour. Res. 2015, 51, 6399–6416. [CrossRef]

21. Sachs, M.K.; Yoder, M.R.; Turcotte, D.L.; Rundle, J.B.; Malamud, B.D. Black swans, power laws, and dragon-kings: Earthquakes,
volcanic eruptions, landslides, wildfires, floods, and SOC models. Eur. Phys. J. Spec. Top. 2012, 205, 167–182. [CrossRef]

22. Bowman, D.M.J.S.; Williamson, G.J.; Abatzoglou, J.T.; Kolden, C.A.; Cochrane, M.A.; Smith, A.M.S. Human exposure and
sensitivity to globally extreme wildfire events. Nat. Ecol. Evol. 2017, 1, 0058. [CrossRef] [PubMed]

23. Donato, D.C.; Halofsky, J.S.; Reilly, M.J. Corralling a black swan: Natural range of variation in a forest landscape driven by rare,
extreme events. Ecol. Appl. 2020, 30, e02013. [CrossRef]

24. Moritz, M.A. Analyzing extreme disturbance events: Fire in Los Padres National Forest. Ecol. Appl. 1997, 7, 1252–1262. [CrossRef]
25. Strauss, D.; Bednar, L.; Mees, R. Do One Percent of the Forest Fires Cause Ninety-Nine Percent of the Damage? For. Sci.

1989, 35, 319–328.
26. Tedim, F.; Leone, V.; Amraoui, M.; Bouillon, C.; Coughlan, M.; Delogu, G.; Fernandes, P.; Ferreira, C.; McCaffrey, S.; McGee, T.;

et al. Defining Extreme Wildfire Events: Difficulties, Challenges, and Impacts. Fire 2018, 1, 9. [CrossRef]
27. Faber, M.; Manstetten, R.; Proops, J.L.R. Humankind and the Environment: An Anatomy of Surprise and Ignorance.

Environ. Values 1992, 1, 217–241. [CrossRef]
28. Holling, C.S. Surprise for Science, Resilience for Ecosystems, and Incentives for People. Ecol. Appl. 1996, 6, 733–735. [CrossRef]
29. Kates, R.W.; Clark, W.C. Environmental Surprise: Expecting the Unexpected? Environ. Sci. Policy Sustain. Dev. 1996, 38, 6–34.

[CrossRef]
30. Agee, J.K. Fire Ecology of Pacific Northwest Forests; Island Press: Washington, DC, USA, 1993; ISBN 1-55963-229-1.
31. Gilbertson-Day, J.; Stratton, R.D.; Scott, J.H.; Vogler, K.C.; Brough, A. Pacific Northwest Quantitative Wildfire Risk Assessment:

Methods and Results; Pyrologix: Missoula, MT, USA, 2018.
32. Keane, R.E.; Agee, J.K.; Fulé, P.; Keeley, J.E.; Key, C.; Kitchen, S.G.; Miller, R.; Schulte, L.A. Ecological effects of large fires on US

landscapes: Benefit or catastrophe? Int. J. Wildland Fire 2008, 17, 696. [CrossRef]
33. Spies, T.A.; Stine, P.A.; Gravenmier, R.; Long, J.W.; Reilly, M.J.; Technical Coordinators. Synthesis of Science to Inform Land

Management Within the Northwest Forest Plan Area; U.S. Department of Agriculture, Forest Service: Missoula, MT, USA; Pacific
Northwest Research Station: Corvallis, OR, USA, 2018.

34. Halofsky, J.S.; Donato, D.C.; Franklin, J.F.; Halofsky, J.E.; Peterson, D.L.; Harvey, B.J. The nature of the beast: Examining climate
adaptation options in forests with stand-replacing fire regimes. Ecosphere 2018, 9, e02140. [CrossRef]

35. Weisberg, P.J.; Swanson, F.J. Regional synchroneity in fire regimes of western Oregon and Washington, USA. For. Ecol. Manag.
2003, 172, 17–28. [CrossRef]

36. Reilly, M.J.; Dunn, C.J.; Meigs, G.W.; Spies, T.A.; Kennedy, R.E.; Bailey, J.D.; Briggs, K. Contemporary patterns of fire extent and
severity in forest of the Pacific Northwest, USA (1985-2010). Ecosphere 2017, 8, e01695. [CrossRef]

37. Slovic, P. Trust, Emotion, Sex, Politics, and Science: Surveying the Risk-Assessment Battlefield. Risk Anal. 1999, 19, 689–701.
[CrossRef]

http://doi.org/10.3390/f7030064
http://doi.org/10.1016/j.ress.2011.11.006
http://doi.org/10.1126/science.3563507
http://www.ncbi.nlm.nih.gov/pubmed/3563507
http://doi.org/10.5194/nhess-9-1033-2009
http://doi.org/10.1111/risa.12872
http://doi.org/10.1016/j.techfore.2009.10.008
http://doi.org/10.1016/j.ress.2013.07.005
http://doi.org/10.1515/jhsem-2017-0007
http://doi.org/10.1002/pse.191
http://doi.org/10.1002/2015WR017464
http://doi.org/10.1140/epjst/e2012-01569-3
http://doi.org/10.1038/s41559-016-0058
http://www.ncbi.nlm.nih.gov/pubmed/28812737
http://doi.org/10.1002/eap.2013
http://doi.org/10.1890/1051-0761(1997)007[1252:AEDEFI]2.0.CO;2
http://doi.org/10.3390/fire1010009
http://doi.org/10.3197/096327192776680089
http://doi.org/10.2307/2269475
http://doi.org/10.1080/00139157.1996.9933458
http://doi.org/10.1071/WF07148
http://doi.org/10.1002/ecs2.2140
http://doi.org/10.1016/S0378-1127(01)00805-2
http://doi.org/10.1002/ecs2.1695
http://doi.org/10.1111/j.1539-6924.1999.tb00439.x


Forests 2021, 12, 934 19 of 20

38. Day, M.A.; Ager, A.A.; Ringo, C.; Palaiologou, P. Cross-Boundary Wildfire Transmission in Oregon—A Quantitative Transmission
Analysis; U.S. Department of Agriculture, Forest Service, National Fire Danger Support Center: Missoula, MT, USA, 2019.

39. Scott, J.H.; Gilbertson-Day, J.W.; Stratton, R.D. Exposure of Human Communities to Wildfire in the Pacific Northwest; Pyrologix:
Missoula, MT, USA, 2018; p. 10.

40. Ager, A.A.; Buonopane, M.; Reger, A.; Finney, M.A. Wildfire Exposure Analysis on the National Forests in the Pacific Northwest,
USA. Risk Anal. 2013, 33, 1000–1020. [CrossRef]

41. Hulse, D.; Branscomb, A.; Enright, C.; Johnson, B.; Evers, C.; Bolte, J.; Ager, A. Anticipating surprise: Using agent-based alternative
futures simulation modeling to identify and map surprising fires in the Willamette Valley, Oregon USA. Landsc. Urban Plan.
2016, 156, 26–43. [CrossRef]

42. Stephens, S.L.; Burrows, N.; Buyantuyev, A.; Gray, R.W.; Keane, R.E.; Kubian, R.; Liu, S.; Seijo, F.; Shu, L.; Tolhurst, K.G.; et al.
Temperate and boreal Forest mega-fires: Characteristics and challenges. Front. Ecol. Environ. 2014, 12, 115–122. [CrossRef]

43. Whitlock, C.; McWethy, D.B.; Tepley, A.J.; Veblen, T.T.; Holz, A.; McGlone, M.S.; Perry, G.L.W.; Wilmshurst, J.M.; Wood, S.W. Past
and Present Vulnerability of Closed-Canopy Temperate Forests to Altered Fire Regimes: A Comparison of the Pacific Northwest,
New Zealand, and Patagonia. BioScience 2015, 65, 151–163. [CrossRef]

44. Cumming, S g. A parametric model of the fire-size distribution. Can. J. For. Res. 2001, 31, 1297. [CrossRef]
45. Jiang, Y.; Zhuang, Q. Extreme value analysis of wildfires in Canadian boreal forest ecosystems. Can. J. For. Res. 2011, 41, 1836–1851.

[CrossRef]
46. Finney, M.A.; McHugh, C.W.; Grenfell, I.C.; Riley, K.L.; Short, K.C. A simulation of probabilistic wildfire risk components for the

continental United States. Stoch. Environ. Res. Risk Assess 2011, 25, 973–1000. [CrossRef]
47. Parisien, M.A.; Kafka, V.G.; Hirsch, K.G.; Todd, J.B.; Lavoie, S.G.; Maczek, P.D. Mapping Wildfire Susceptibility with the Burn-P3

Simulation Model; Canadian Forest Service Northern Forest Centre: Edmonton, AB, Canada, 2005.
48. Microsoft. Computer Generated Building Footprints for the United States GitHub Repository. 2018. Available online: https:

//github.com/microsoft/USBuildingFootprints (accessed on 15 January 2021).
49. Short, K.C.; Gren, I.C.; Riley, K.L.; Vogler, K.C. Pyromes of the Coterminus United States; Forest Service Research Data Archive: Fort

Collins, CO, USA, 2020.
50. U.S. Environmental Protection Agency. Level III Ecoregions of the Continental United States (Revision of Omernik, 1987); U.S.

Environmental Protection Agency: Washington, DC, USA, 2003.
51. Dye, A.W.; Rastogi, B.; Clemesha, R.E.S.; Kim, J.B.; Samelson, R.M.; Still, C.J.; Williams, A.P. Spatial Patterns and Trends of

Summertime Low Cloudiness for the Pacific Northwest, 1996–2017. Geophys. Res. Lett. 2020, 47, e2020GL088121. [CrossRef]
52. Littell, J.S.; Peterson, D.L.; Riley, K.L.; Liu, Y.; Luce, C.H. A review of the relationships between drought and forest fire in the

United States. Glob. Chang. Biol. 2016, 22, 2353–2369. [CrossRef]
53. Reilly, M.J.; Halofsky, J.; Raymond, C.; McEvoy, A.; Dye, A.; Zuspan, A.; Donato, D.; Kim, J.; Potter, B.; Davis, R.; et al. Cascadia

Burning: Ecological and social perspectves for the historic, but not historically unprecedented, 2020 wildfires in westside Forests
of the Pacific Northwest. 2021; manuscript in preparation.

54. Simpson, M. Modeled Potential Vegetation Zones of Washington and Oregon; USDA Forest Service: Bend, OR, USA, 2013.
55. Haugo, R.; Zanger, C.; DeMeo, T.; Ringo, C.; Shlisky, A.; Blankenship, K.; Simpson, M.; Mellen-McLean, K.; Kertis, J.; Stern,

M. A new approach to evaluate forest structure restoration needs across Oregon and Washington, USA. For. Ecol. Manag.
2015, 335, 37–50. [CrossRef]

56. USDA Forest Service, US Geological Survey. Monitoring Trends in Burn Severity. Burned Area Boundaries Dataset 2021. Available
online: https://www.mtbs.gov/direct-download (accessed on 15 January 2021).

57. National Interagency Fire Center. National Incident Feature Service 2019. Available online: https://data-nifc.opendata.arcgis.
com/datasets/national-incident-feature-service-2019 (accessed on 15 January 2021).

58. National Interagency Fire Center. National Incident Feature Service Archive 2020. Available online: https://data-nifc.opendata.
arcgis.com/datasets/national-incident-feature-service-archive-2020 (accessed on 15 January 2021).

59. Riley, K.; Thompson, M.; Scott, J.; Gilbertson-Day, J. A Model-Based Framework to Evaluate Alternative Wildfire Suppression
Strategies. Resources 2018, 7, 4. [CrossRef]

60. Riley, K.L.; Loehman, R.A. Mid-21st-century climate changes increase predicted fire occurrence and fire season length, Northern
Rocky Mountains, United States. Ecosphere 2016, 7, e01543. [CrossRef]

61. Scott, J.; Helmbrecht, D.; Thompson, M.P.; Calkin, D.E.; Marcille, K. Probabilistic assessment of wildfire hazard and municipal
watershed exposure. Nat. Hazards 2012, 64, 707–728. [CrossRef]

62. McEvoy, A.; Nielsen-Pincus, M.; Holz, A.; Catalano, A.J.; Gleason, K.E. Projected Impact of Mid-21st Century Climate Change on
Wildfire Hazard in a Major Urban Watershed outside Portland, Oregon USA. Fire 2020, 3, 70. [CrossRef]

63. Andrews, P.L.; Loftsgaarden, D.O.; Bradshaw, L.S. Evaluation of fire danger rating indexes using logistic regression and percentile
analysis. Int. J. Wildland Fire 2003, 12, 213. [CrossRef]

64. Grenfell, I.C.; Finney, M.; Jolly, M. Simulating spatial and temporally related fire weather. In Proceedings of the VI International
Conference on Forest Fire Research, Coimbra, Portugal, 15–18 November 2010; Viegas, D.X., Ed.; University of Coimbra: Coimbra,
Portugal, 2010.

65. LANDFIRE 1.4.0 40 Scott and Burgan Fire Behavior Fuel Models Layer 2014. Available online: https://landfire.gov/fbfm40.php
(accessed on 1 June 2018).

http://doi.org/10.1111/j.1539-6924.2012.01911.x
http://doi.org/10.1016/j.landurbplan.2016.05.012
http://doi.org/10.1890/120332
http://doi.org/10.1093/biosci/biu194
http://doi.org/10.1139/x01-032
http://doi.org/10.1139/x11-102
http://doi.org/10.1007/s00477-011-0462-z
https://github.com/microsoft/USBuildingFootprints
https://github.com/microsoft/USBuildingFootprints
http://doi.org/10.1029/2020GL088121
http://doi.org/10.1111/gcb.13275
http://doi.org/10.1016/j.foreco.2014.09.014
https://www.mtbs.gov/direct-download
https://data-nifc.opendata.arcgis.com/datasets/national-incident-feature-service-2019
https://data-nifc.opendata.arcgis.com/datasets/national-incident-feature-service-2019
https://data-nifc.opendata.arcgis.com/datasets/national-incident-feature-service-archive-2020
https://data-nifc.opendata.arcgis.com/datasets/national-incident-feature-service-archive-2020
http://doi.org/10.3390/resources7010004
http://doi.org/10.1002/ecs2.1543
http://doi.org/10.1007/s11069-012-0265-7
http://doi.org/10.3390/fire3040070
http://doi.org/10.1071/WF02059
https://landfire.gov/fbfm40.php


Forests 2021, 12, 934 20 of 20

66. LANDFIRE 1.4.0 Canopy Height Layer 2014. Available online: https://www.landfire.gov/fuel.php (accessed on 1 June 2018).
67. LANDFIRE 1.4.0 Canopy Base Height Layer 2014. Available online: https://www.landfire.gov/fuel.php (accessed on 1 June 2018).
68. LANDFIRE 1.4.0 Canopy Bulk Density Layer 2014. Available online: https://www.landfire.gov/fuel.php (accessed on 1 June 2018).
69. LANDFIRE 1.4.0 Canopy Cover Layer 2014. Available online: https://www.landfire.gov/fuel.php (accessed on 1 June 2018).
70. LANDFIRE 1.4.0 Aspect Layer 2014. Available online: https://www.landfire.gov/topographic.php (accessed on 1 June 2018).
71. LANDFIRE 1.4.0 Elevation Layer 2014. Available online: https://www.landfire.gov/topographic.php (accessed on 1 June 2018).
72. LANDFIRE 1.4.0 Slope Layer 2014. Available online: https://www.landfire.gov/topographic.php (accessed on 1 June 2018).
73. Short, K.C.; Finney, M.A.; Scott, J.H.; Gilbertson-Day, J.W.; Grenfell, I.C. Spatial Dataset of Probabilistic Wildfire Risk Components for

the Conterminous United States, 1st ed.; Forest Service Research Data Archive: Fort Collins, CO, USA, 2016.
74. Caggiano, M.D.; Hawbaker, T.J.; Gannon, B.M.; Hoffman, C.M. Building Loss in WUI Disasters: Evaluating the Core Components

of the Wildland–Urban Interface Definition. Fire 2020, 3, 73. [CrossRef]
75. Bunzel, K.; Ager, A.A.; Day, M.A.; Dillon, G.K. Community zones for assessing wildfire exposure in the United States. Risk Anal.

2021, 38, 2105–2127.
76. Thompson, M.P.; Gilbertson-Day, J.W.; Scott, J.H. Integrating Pixel- and Polygon-Based Approaches to Wildfire Risk Assessment:

Application to a High-Value Watershed on the Pike and San Isabel National Forests, Colorado, USA. Environ. Model. Assess.
2016, 21, 1–15. [CrossRef]

77. Bureau of Land Management. BLM OR Management Ownership Polygon; Bureau of Land Management: Portland, OR, USA, 2015.
78. Radeloff, V.C.; Hammer, R.B.; Stewart, S.I.; Fried, J.S.; Holcomb, S.S.; McKeefry, J.F. The Wildland-Urban Interface in the United

States. Ecol. Appl. 2005, 15, 799–805. [CrossRef]
79. USDA Forest Service. Wildfire Risk to Communities; USDA Forest Service: Washington, DC, USA, 2021. Available online:

https://wildfirerisk.org/ (accessed on 12 April 2021).
80. Lempert, R.J.; Groves, D.G.; Popper, S.W.; Bankes, S.C. A General, Analytic Method for Generating Robust Strategies and

Narrative Scenarios. Manag. Sci. 2006, 52, 514–528. [CrossRef]
81. Lindaas, O.A.; Pettersen, K.A. Risk analysis and Black Swans: Two strategies for de-blackening. J. Risk Res. 2016, 19, 1231–1245.

[CrossRef]
82. Ager, A.A.; Day, M.A.; Alcasena, F.J.; Evers, C.R.; Short, K.C.; Grenfell, I. Predicting Paradise: Modeling future wildfire disasters

in the western US. Sci. Total Environ. 2021, 784, 147057. [CrossRef] [PubMed]
83. Haas, J.R.; Calkin, D.E.; Thompson, M.P. Wildfire Risk Transmission in the Colorado Front Range, USA: Wildfire Risk Transmission.

Risk Anal. 2015, 35, 226–240. [CrossRef]
84. Scott, J.H.; Thompson, M.P.; Gilbertson-Day, J.W. Exploring how alternative mapping approaches influence fireshed assessment

and human community exposure to wildfire. GeoJournal 2017, 82, 201–215. [CrossRef]
85. Clark, A.M.; Rashford, B.S.; McLeod, D.M.; Lieske, S.N.; Coupal, R.H.; Albeke, S.E. The Impact of Residential Development

Pattern on Wildland Fire Suppression Expenditures. Land Econ. 2016, 92, 656–678. [CrossRef]
86. Gude, P.H.; Jones, K.; Rasker, R.; Greenwood, M.C. Evidence for the effect of homes on wildfire suppression costs. Int. J. Wildl. Fire

2013, 22, 537. [CrossRef]
87. Syphard, A.D.; Keeley, J.E.; Massada, A.B.; Brennan, T.J.; Radeloff, V.C. Housing Arrangement and Location Determine the

Likelihood of Housing Loss Due to Wildfire. PLoS ONE 2012, 7, e33954.
88. Ager, A.A.; Day, M.A.; McHugh, C.W.; Short, K.; Gilbertson-Day, J.; Finney, M.A.; Calkin, D.E. Wildfire exposure and fuel

management on western US national forests. J. Environ. Manag. 2014, 145, 54–70. [CrossRef]
89. Abatzoglou, J.T.; Rupp, D.E.; O’Neill, L.W.; Sadegh, M. Compound Extremes Drive the Western Oregon Wildfires of September

2020. Geophys. Res. Lett. 2021, 48, e2021GL092520. [CrossRef]
90. Abatzoglou, J.T.; Juang, C.S.; Williams, A.P.; Kolden, C.A.; Westerling, A.L. Increasing Synchronous Fire Danger in Forests of the

Western United States. Geophys. Res. Lett. 2021, 48, e2020GL091377. [CrossRef]
91. Bednar, L.F.; Mees, R.; Strauss, D. Fire Suppression Effectiveness for Simultaneous Fires: An Examination of Fire Histories. West. J.

Appl. For. 1990, 5, 16–19. [CrossRef]
92. Fried, J.S.; Gilless, J.K.; Spero, J. Analysing initial attack on wildland fires using stochastic simulation. Int. J. Wildl. Fire 2006, 15, 137.

[CrossRef]
93. Short, K.C. Spatial Wildfire Occurrence Data for the United States, 4th ed.; Forest Service Research Data Archive: Fort Collins, CO,

USA, 2017.
94. Steelman, T.A.; McCaffrey, S. Best practices in risk and crisis communication: Implications for natural hazards management.

Nat. Hazards 2013, 65, 683–705. [CrossRef]
95. Wachinger, G.; Renn, O.; Begg, C.; Kuhlicke, C. The Risk Perception Paradox-Implications for Governance and Communication of

Natural Hazards: The Risk Perception Paradox. Risk Anal. 2013, 33, 1049–1065. [CrossRef] [PubMed]
96. Parisien, M.-A.; Dawe, D.A.; Miller, C.; Stockdale, C.A.; Armitage, O.B. Applications of simulation-based burn probability

modelling: A review. Int. J. Wildl. Fire 2019, 28, 913. [CrossRef]

https://www.landfire.gov/fuel.php
https://www.landfire.gov/fuel.php
https://www.landfire.gov/fuel.php
https://www.landfire.gov/fuel.php
https://www.landfire.gov/topographic.php
https://www.landfire.gov/topographic.php
https://www.landfire.gov/topographic.php
http://doi.org/10.3390/fire3040073
http://doi.org/10.1007/s10666-015-9469-z
http://doi.org/10.1890/04-1413
https://wildfirerisk.org/
http://doi.org/10.1287/mnsc.1050.0472
http://doi.org/10.1080/13669877.2016.1153499
http://doi.org/10.1016/j.scitotenv.2021.147057
http://www.ncbi.nlm.nih.gov/pubmed/34088051
http://doi.org/10.1111/risa.12270
http://doi.org/10.1007/s10708-015-9679-6
http://doi.org/10.3368/le.92.4.656
http://doi.org/10.1071/WF11095
http://doi.org/10.1016/j.jenvman.2014.05.035
http://doi.org/10.1029/2021GL092520
http://doi.org/10.1029/2020GL091377
http://doi.org/10.1093/wjaf/5.1.16
http://doi.org/10.1071/WF05027
http://doi.org/10.1007/s11069-012-0386-z
http://doi.org/10.1111/j.1539-6924.2012.01942.x
http://www.ncbi.nlm.nih.gov/pubmed/23278120
http://doi.org/10.1071/WF19069

	Introduction 
	Materials and Methods 
	Study Area 
	Historical Wildfire Data 
	Simulated Wildfire Data 
	Building Exposure 
	Exposure Source 
	Exposure Metric Comparison 

	Results 
	What Were the Magnitudes and Sizes of Simulated Disasters and How Did They Compare to Historical Events? 
	Which Communities Have Experienced Historical Exposure, and Which Communities Are Vulnerable to Plausible Future Disasters? 
	What Is the Source of Simulated Community Disaster Exposure? 
	How Does Maximum Simulated Exposure Compare to Other More Common Risk Assessment Metrics Derived from Simulations? 

	Discussion 
	Conclusions 
	Patents 
	References

