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• We used wildfire simulation data to pre-
dict building exposure in thewestern US.

• We examined the relative effect of build-
ing versus fuel density on exposure.

• Maximum exposure was observed at
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• Building-fuels density gradients into de-
veloped areas affected maximum expo-
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seasons exceeded historical by 1255%.
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The2018Campfire destroyed the townof Paradise, California and resulted in 82 fatalities, theworstwildfire disaster
in the US to date. Future disasters of similar or greater magnitude are inevitable given predicted climate change but
remain highly uncertain in terms of location and timing. As with other natural disasters, simulation models are one
of the primary tools to map risk and design prevention strategies. However, risk assessments have focused on esti-
mation ofmean values rather than predicting extreme events that are increasingly becoming a reality inmany parts
of the globe. Using the western US as a study area, we synthesized newer wildfire simulation and building location
data (54million fires, 25million building locations) and compared the outputs to several sources of observed expo-
sure data. The simulations used synchronized weather among spatial simulation subunits, thereby providing esti-
mates of extreme fire seasons, fire events within them, and exceedance probabilities at multiple scales. We found
that annual area burned was accurately replicated by simulations but building exposure was substantially
overestimated, although the relatively small historical sample sizemight have influenced the comparison.We iden-
tified extreme fire seasons in the simulation record (10,000 fire years) that exceeded historical fire seasons by 278%
in terms of area burned, and 1255% in terms of buildings exposed, under contemporary climate. Simulated building
exposure peaked in specific regions along gradients of building density and burnable fuels. The study is the first to
explore large scale extreme wildfire exposure in terms of both annual variability andmagnitude, providing a broad
foundation of methods to advance wildfire disaster prediction.

Published by Elsevier B.V.
1. Introduction

Predictive mapping of extreme wildfire disasters presents a daunt-
ing challenge to the field of risk and hazard science (Makridakis and
Taleb, 2009; Tedim et al., 2018). Wildfire risk to developed areas is the
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cumulative product of complex interacting factors including spatiotem-
poral patterns of human and natural ignitions, fire propagation over
long distances through heterogeneous fuel types and terrain, extreme
weather events, variation in building susceptibility, and suppression ca-
pacity (Alcasena et al., 2017; Calkin et al., 2014; Syphard et al., 2017).
Specific combinations of these factors ultimately create the scenario
for wildland urban interface (WUI) disasters such as the extreme
Camp fire event that destroyed the town of Paradise, California
(Brown, 2020) and resulted in 82 fatalities and more than 18 thousand
structures lost. Similar disasters have been observed elsewhere, notably
the Portugal fires in 2017 that resulted in 61 lost lives (Castellnou et al.,
2018; Turco et al., 2019), and the Black Saturday disaster in 2009
resulting in 173 fatalities in southeastern Australia (Cruz et al., 2012).
These events are associated with extreme and anomalous winds
(Abatzoglou et al., 2018) that catalyze violent pyro-convective fire
weather (Peterson et al., 2015) and ember showers (Thurston et al.,
2017) that start a chain reaction ofmass structure ignitions, burning en-
tire urban subdivisions (e.g., 2018 Carr fire) and entrapping residents.
Fire suppression under these severe burning conditions is minimally ef-
fective at controlling fire spread and preventing structural fires within
developed areas. Top down and bottom up drivers of risk are well stud-
ied (Keeley and Syphard, 2019), including the expanding urban foot-
print (Radeloff et al., 2018), increasing size of community firesheds
(Ager et al., 2019), increasing human ignitions (Mietkiewicz et al.,
2020; Nagy et al., 2018), droughts (Littell et al., 2016), high-wind events
(Abatzoglou et al., 2018), and high fuel loadings around communities
(Parisien et al., 2020). Managing the human factors that contribute to
wildfire disasters exceeds the capacity of existing governance systems
(Charnley et al., 2020; Fischer et al., 2016; Schoennagel et al., 2017;
Steelman, 2016).

Predictingwildfire disasters is a common goal for a diverse set of ac-
tors, ranging from land managers, homeowners, conservation biolo-
gists, physical scientists, and the insurance industry, but arguably
there is muchwork to be done to improve current risk analytics. The lit-
erature on predicting extremewildfire events includes theoretical stud-
ies (Makridakis and Taleb, 2009), and predictive modeling with
meteorological explanatories as measured by burned area, under con-
temporary (Joseph et al., 2019; Stavros et al., 2014) or future (Stavros
et al., 2014) climate. These studies predict burned area but do not pre-
dict the location of individual fire events or their impact on developed
areas. Finer scale studies to predict or understand impacts of individual
events on communities and surrounding developed areas can be classi-
fied into those that reconstructed exposure and loss from past fires, ver-
sus studies that used fire event simulation to predict and map future
loss. The former empirical studies have examined home losswith statis-
tical models (e.g., logistic regression, generalized linear regression) to
understand how local factors such as fire intensity, fuels in the land-
scape versus home ignition zone, and WUI configuration contribute to
structure vulnerability and loss (Alexandre et al., 2016a; Braziunas
et al., 2020a; Kramer et al., 2019; Syphard and Keeley, 2019). Studies
of localized conditions that directly contribute to building loss (versus
exposure) have identified key relationships between loss and fuel
around buildings (Bhandary and Muller, 2009; Keeley et al., 2020;
Penman et al., 2019; Penman et al., 2015; Syphard et al., 2014), building
construction (Syphard and Keeley, 2019; Syphard et al., 2017), and spa-
tial arrangement and density of buildings (Alexandre et al., 2016a,
2016b; Chen and McAneney, 2004; Kramer et al., 2019; Penman et al.,
2014; Syphard et al., 2012). Likewise, empirical studies that have exam-
ined the problem from larger scales have identified drivers of impacts to
the built environment including landscape fuel arrangement (Gibbons
et al., 2012; Price et al., 2015; Price and Bradstock, 2013a), topography
(Alexandre et al., 2016a, 2016b), and fuels buildup in wildlands due to
land abandonment or cessation of traditional agropastoral activities
(Badia et al., 2019; Chas-Amil et al., 2020).

Fire simulation studies complement empirical approaches by filling
in the gaps where fires have not occurred, providing predictive services
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including fine scale maps of likelihood, intensity, source, and expected
building exposure from plausible, future fire events (Ager et al., 2019;
Alcasena et al., 2019; Braziunas et al., 2020b; Evers et al., 2019; Haas
et al., 2013). Wildfire simulation also provides an important planning
framework to design and test wildland fuel management strategies
(Ager et al., 2007, 2011; Riley et al., 2018) and provides insights into fu-
ture extreme “black swan” events (Barclay, 2019; Donato et al., 2020;
Hulse et al., 2016; Joseph et al., 2019; Taleb, 2007). Although there are
many acknowledged limitations in existing fire behavior models (Cruz
and Alexander, 2013), simulation methods have proven useful in a
range of wildland fire research and applications (Miller and Ager,
2013; Noonan-Wright et al., 2011), especially as changes in develop-
ment, fuels, and climate continue to push many fire-prone landscapes
into novel vegetation states.

Despite the potential advances from combining simulation and re-
construction studies to characterize wildfire risk to developed areas,
there are few if any comparative studies that attempt tomerge and syn-
thesize findings from the respective studies and methods. For example,
recent investigations of the factors that contributed to structure expo-
sure (Alexandre et al., 2016a; Kramer et al., 2019; Radeloff et al., 2018;
Syphard et al., 2017) do not compare their findings to the numerous
wildfire simulation studies concerned with the same general questions
(Haas et al., 2013; Calkin et al., 2014; Bar Massada et al., 2009; Penman
et al., 2014). This is unfortunate since synergies exist in the different ex-
perimentalmethods, including the extrapolation of local empirical rela-
tionships to large areas using simulation outputs. For instance, in the
study of 69 wildfires in California, Kramer et al. (2019) estimated expo-
sure and loss by WUI type and found most of the exposure and loss in
the interface WUI type, with building losses ranging from 4 to 50%
therein. Replicating this analysis with continental-scale simulation out-
puts could providemany insights into howdevelopment patterns inter-
act with surrounding fuels in the wide range of WUI configurations as
well as the diversity of fire regimes in the surrounding wildlands
(Evers et al., 2019).

In this study, we provide a rare comparison between exposure pre-
dictions from empirical versus simulation modeling and examine po-
tential future extreme wildfire events under contemporary climate.
Empirical studies have described how exposure varies among discrete
WUI types (intermix, interface, urban), whereas this work considers
the underlying process that generates clines in exposure along the
wide array of gradients of fuels and building density in areas like the
western US (Fig. 1). We combine new wildfire simulation data (Short
et al., 2020a) with spatially synchronized daily weather, building loca-
tion data (Microsoft, 2018), and multiple sources of observational data
on building exposure and loss (Alexandre et al., 2016a; Kramer et al.,
2019; Mietkiewicz et al., 2020; MTBS Data Access, 2020a; St Denis
et al., 2020) to examine three key questions related to the overall
problem of predicting future WUI disasters: 1) How well do broad
trends in simulated exposure to developed areas align with recent his-
torical observations? 2)What is the frequency and magnitude of simu-
lated extreme exposure events that exceed observed records? and
3) How do simulated wildfires distribute exposure among discrete
WUI types used in prior studies, and how do underlying gradients in
fuel and building density contribute to peak exposure? We discuss the
limitations of the respective methods for studying and mapping build-
ing exposure as well as the synergies associated with the combined
use of simulated and empirical exposure data to advance the global
problem of predicting exposure to developed areas.

2. Materials and methods

2.1. Study area

Our study area covers the 11 western US states (Arizona, AZ;
California, CA; Colorado, CO; Idaho, ID; Nevada, NV; New Mexico, NM;
Montana, MT; Oregon, OR; Utah, UT; Washington, WA; and Wyoming,



Fig. 1.Hypothetical relationship betweenwildfire exposure and the counter-gradients in building density and fuel density around developed areas.We hypothesized that combinations of
the two optimize building exposure, a relationship that is obscured using discrete wildland urban interface (WUI) classes typically used to study WUI exposure and loss.
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WY), and is about 307 million ha. It encompasses seven of the level I
Omernik ecoregions (Omernik, 1987; US Environmental Protection
Agency, 2019) (Appendix Fig. A1). Federal agencies manage approxi-
mately half of the landscape (145.5 million ha, 48% of all lands), and
primarily include the Bureau of Land Management (BLM, 71 million
ha) and the US Forest Service (FS, 57.5 million ha) (USGS, 2016). Ap-
proximately 115 million ha are fire adapted with low- and mixed-
severity fires, as defined by fire regimes I (35-year fire return interval)
and III (>35–200-year fire return interval). More than 65 million ha
have been classified with high or very high fire potential (Dillon, 2015).

2.2. Building location data

Building locations were obtained from the vector building dataset
created in 2018 by the Bing Maps team at Microsoft (2018). The data
set contains over 25 million building footprints in the western US in
GeoJSON format including apartments, industrial sites, housing units
and storage buildings. These building data were generated from aerial
images using deep learning object classification methods. We created
a building centroid point file from the individual footprint polygons
(n=25,402,440) and used point data to predict individual building ex-
posure from simulated wildfires as described in Section 2.4. We then
converted the point file to a 30-m building count grid to analyze the ef-
fect of fuels and building density on building exposure as described in
Section 2.8.2. This resulted in a grid with 5,628,979 cells containing
the 25 million buildings corresponding to the 30 m burnable cell loca-
tions with at least one building footprint (Microsoft, 2018). On average
each cell contained 1.09 buildings with a maximum of 8, although 92%
of pixels contained only 1 building and <0.01% contained more than 5
buildings.

2.3. Burnable fuel density

The fuels layer for non-developed areas was constructed from the
30 m Scott and Burgan fuel model raster by removing all fuels types
3

classified as non-burnable fuels including water bodies, rock/bare
ground, snow, urban developed/paved, and irrigated agricultural land
(LANDFIRE, 2017).

2.4. Wildfire simulation data

We used wildfire simulation data from the national FSim library
(Short et al., 2020a; fire perimeters not publicly available), with
54,269,100 simulated fires for the western US. FSim consists of modules
for weather generation, and for modeling large-fire occurrence, growth
and suppression (Finney et al., 2011; Short et al., 2020a). The model is
described in detail in prior publications (e.g., Finney et al., 2011; see
also Appendix) and is widely used in the US for wildfire risk assess-
ments at local, regional, and national scales (Dye et al., 2021; Haas
et al., 2013; Scott et al., 2012; Thompson et al., 2013). In brief, FSim
generates daily wildfire scenarios for tens of thousands of hypothetical
contemporary wildfire seasons using relationships between historical
Energy Release Component (ERC, Bradshaw et al., 1983) and historical
fire occurrence. Time series analysis is used to estimate trends in daily
ERC, variability, and autocorrelation, and the resulting parameters are
used to simulate synthetic fire seasons with the same statistical proper-
ties of historical weather, but factor in variability in the daily average
and trend (Grenfell et al., 2010) (see below). Wildfires are simulated
with the minimum travel time (MTT, Finney, 2002) algorithm under
weather conditions derived from the synthetic fire seasons. Resolution
of the simulations in the Short et al. (2020a) library is 270 m. Fires are
ignited across the landscape non-randomly using an ignition density
grid derived from historical occurrence (75-km kernel density search
radius and 2-km output cell size). Fire growth is predicted on days
that meet threshold ERC according to empirically derived wind and
fuel moisture. Fire containment is modeled with a logistic regression
that predicts containment probability as a function of high versus low
spread periods (Finney et al., 2009). A ‘perimeter trimming’ function is
included to produce realistic fire footprints and to replicate historical
fire size distributions.
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For the Short et al. (2020a) products LANDFIRE data depicting fuel
conditions circa 2014 were used (LANDFIRE, 2017), and fire season sce-
narios generated in the weather module were based on a national
gridded weather dataset from the North American Land Data Assimila-
tion System (NLDAS), which is a contemporary surface weather data as-
similation system (Abatzoglou, 2013). The NLDAS data were analyzed to
produce daily spatiotemporal realizations of a fire danger index (i.e., ERC)
that retain the spatial covariance structure and temporal auto-correlation
of theweather inputs (Grenfell et al., 2010). This approachmaintains syn-
chrony across weather scenarios used among independently simulated
units. The simulation units used by Short et al. (2020a) were regions of
relatively homogenous contemporary fire regimes called “pyromes”
(Short et al., 2020b), with the western US comprising 67 pyromes
(Appendix Fig. A2). Between 10,000 and 100,000 hypothetical fire sea-
sons were simulated for each pyrome, depending on the historical large
fire frequency. We used the first 10,000 fire season scenarios in the cur-
rent analysis since all pyromes had at least 10,000 scenarios that were
synchronized across all units. For the comparative analysis of simulated
and historical exposure we only included fires ≥405 ha since this is the
minimum fire size in the MTBS data for the western US (MTBS Data
Access, 2020a). The processes of calibrating and validating FSim area
burned outputs and fire-size distributions from prior CONUS simulations
were presented in Finney et al. (2011), with advances described by Short
et al. (2020a). For each simulated fire, we obtained the ignition location
and associated perimeter for each fire as output in shapefiles, along
with the burn probability raster at 270 m resolution.

2.5. Wildland urban interface

The SILVISWUI data (SILVIS Lab, 2012) use the US Census tract poly-
gons and provide polygon-based estimates of residential housing den-
sity where structures meet or intermingle with wildland vegetation.
SILVIS data are classified according to housing density and percentage
of wildland vegetation within or adjacent to housing blocks. We used
four WUI categories including urban non-vegetated, intermix (housing
and vegetation interminglewith ≥6.18 houses km−2 and>50%wildland
vegetation cover), interface (housing in areas with ≥6.18 houses km−2

and <50% wildland vegetation but within 2.4 km of >75% wildland
vegetation), and forestland (very low housing density <6.18 houses
per km2 andwildland vegetation cover ≥50%). The current data describe
Table 1
Summary of data and analyses used for each of the major questions in the study.

Question D

1. Do broad trends in simulated exposure to developed areas align with recent
historical observations?

a
2
b
n
c
2
s
2
d
M
e

2. What is the frequency and magnitude of simulated extreme exposure events that
exceed observed records?

a
b
b
A
A
b
c
a

3. How do simulated wildfires distribute exposure among the discrete WUI types used
in prior studies, and how do underlying gradients in fuel and building density
contribute to peak exposure?

a
w
b
b
e
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WUI vegetation conditions based on 2010 land cover imagery (USGS,
2011). The SILVIS data have been used in numerous prior empirical
and simulation studies of wildland fire exposure (Ager et al., 2019;
Radeloff et al., 2018).

2.6. Community definitions and delineation

We created community boundaries that included both core areas
defined by the US Census populated places data (US Census Bureau,
2016) and the adjacent WUI as defined in SILVIS. The US Census data
(US Census Bureau, 2016) identifies 5118 settlements and communities
in the western US in the place names database. These communities are
identified as polygons or points and map incorporated and unincorpo-
rated towns, cities, and settlements. To create amap of discrete commu-
nities that included the surrounding WUI we aggregated the core
communities in the US Census data with the SILVIS WUI. We attached
SILVIS WUI polygons (SILVIS Lab, 2012) to the core communities (US
Census Bureau, 2016) using road networks (ESRI, 2012) and minimum
travel time from the community's core to each WUI polygon. Travel
speed was used to create a cost raster that was input into the Cost
Allocation ArcGIS toolwith amaximumdistance equal to 45min driving
time. The process organized 98.3% of WUI polygons into 5132 commu-
nities, representing 65 million people and 25 million buildings as
estimated by SILVIS. For specifically delineating communities (versus
estimating exposure by WUI category) we removed SILVIS WUI poly-
gons that were smaller than 0.1 ha or had building density less than
two housing units per km2, thus our definition of WUI includes lower
density census blocks than Radeloff et al. (2005) and includes no thresh-
olds for wildland vegetation.

2.7. Historical wildfire area burned and building exposure

Historical data on area burned and building exposure were obtained
frommultiple sources (Table 1) and used in several comparisons as de-
tailed in Section 2.8. Annual area burned for 1984–2018 and historical
fire footprints for 1990–2018 were obtained from MTBS (MTBS Data
Access, 2020a; MTBS Data Access, 2020b) and include fires ≥405 ha
but exclude prescribed fire and “unknown” fire type boundaries. Data
on observed annual building exposure were obtained from several
case study publications and published data sources (Table 1).
ata sources

) Observed area burned: MTBS fire occurrence data 1984–2018 (MTBS Data Access,
020b)
) Simulated area burned: FSim simulation outputs (Short et al., 2020a; fire perimeters
ot publicly available).
) Observed building exposure: MTBS perimeters 1990–2018 (MTBS Data Access,
020a) intersected with MS building data from 2015 (Microsoft, 2018) and
ummarized by Omernik Level 1 ecoregion (US Environmental Protection Agency,
019) and compared with Alexandre et al. (2016a) and simulated building exposure
) Simulated building exposure: FSim perimeters (Short et al., 2020a) intersected with
S building data from 2015 (Microsoft, 2018) and summarized by Omernik Level 1
coregion (US Environmental Protection Agency, 2019)
) FSim outputs screened for extreme fire years and individual fire events for area
urned and building exposure
) Exceedance probabilities (Feller, 1968) calculated for each community as defined in
ger et al. (2019) and by Omernik Level 1 ecoregion (US Environmental Protection
gency, 2019) using FSim perimeters (Short et al., 2020a) intersected with MS
uilding data (Microsoft, 2018)
) Simulated exposure regimes (exposure frequency versus magnitude) compared
mong 5132 communities
) FSim perimeters intersected with SILVIS WUI data (SILVIS Lab, 2012) and compared
ith Kramer et al. (2019).
) Burnable fuel density (LANDFIRE, 2017) and building density were used to estimate
uilding exposure from MS footprint data (Microsoft, 2018) and FSim outputs (Short
t al., 2020a)
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2.8. Analysis

2.8.1. Comparison of observed and simulated exposure
The analyses for the specific questions in the study are outlined in

Table 1.We usedmultiple data sources to obtain and compare estimates
of historical and simulated building exposure to gain insights into how
exposure from simulation modeling compares to historical observa-
tions. We calculated annual area burned from simulation outputs by
summing the total area burned by fre season for the 10,000 simulated
fire seasons after filtering for fires ≥405 ha to match historical data
from MTBS. Fires smaller than this size contribute a minimum amount
to total area burned in the West. These comparisons served to validate
simulation outputs in terms of burned area from the newer FSim simu-
lations (Short et al., 2020a). Simulated fire perimeters were intersected
with the MS building footprints to estimate annual building exposure
and create frequency distributions of exposure by fire season scenario
for the western US. The western US estimates were compared with ob-
served exposure obtained from MTBS fire perimeters.

We then conducted a finer scale comparison using historical and
simulatedwildfire exposure at the intersection ofWUI class (forestland,
intermix, interface, urban) and within the seven ecoregions using his-
torical data and simulation outputs. Here, we partitioned the exposure
data from simulations byWUI class and ecoregion, and calculated aver-
ages in terms of both total building count and percentage of total build-
ings exposed. To permit comparison with prior research (i.e., historical
data) we did these calculations using two sources of building location
data, thefirst being the SILVIS density values attached to eachWUI poly-
gon, the second being the MS building footprint data. We then esti-
mated historical exposure by intersecting the MS building footprint
datawith theMTBS perimeters andperformed the same calculations. Fi-
nally, we compared the above estimates of exposure with the tabular
data presented in Alexandre et al. (2016a) for exposure by ecoregion
for fires >405 ha for the period 2000 to 2010, and Kramer et al.
(2018) exposure by WUI class for 69 selected wildfires in California
for the period 2000 to 2013 (Table 1).

Exceedance probability (EP) graphs were calculated to quantify the
relationship between probability and exposure level at the ecoregion
and community scale. EP is the probability that a certain value will be
exceeded in a predefined future timeperiod (Feller, 1968). EPs arewidely
used in the natural disaster field as part of risk and hazard assessments
for floods, earthquakes, and hurricanes (Lambert et al., 1994; Mills
et al., 2018; Sajjad et al., 2020). EP graphs that estimate financial losses
(instead of building exposure, for instance) are the basis upon which in-
surers estimate the likelihood of experiencing various levels of loss and
the appropriate premiums. For example, for the 10,000 simulated fire
season scenarios the highest exposure season will have a 0.01% chance
of being exceeded. This is because there is only one event with a loss
greater than or equal to that loss in 10,000 years of events (1/10,000 ∗
100 = 0.01%). The inverse of the EP is the contemporary annualized
probability for an event that exceeds a given magnitude.

EP graphs were generated by intersecting fire perimeter shapefiles
with MS building footprint centroids and then aggregating the count
of exposed buildings by year. The count of buildings exposed per year
Table 2
Summary of estimates for area burned and building exposure from observed and simulation o

Attribute Simulated

Number of fire seasons 10,000 replica
Mean annual building exposure 23,139
Mean annual area burned (ha) 1,213,438
Extreme year area burned (ha) 8,260,639 (rep
Extreme year building exposure 495,843 (repl

a Comparisons by ecoregion included 19 fire seasons (2000-2018) to align with other publi
histogram in Fig. 2.

b The observed average exposure (23,302 buildings) in only the last 3 years of the analysis
c Note that preliminary numbers on area burned for the 2020 fire season in the western US
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was then sorted in descending order and the EP (probability of higher
exposure) calculated for each interval. We calculated EPs for both total
building exposure and as a percentage of the total to highlight regions
that had higher probability of building exposure but relatively fewer
buildings.

EPs by community were estimated by attributing communities with
the total number of buildings and intersecting communities with FSim
wildfire perimeters. Yearly building exposure for each community was
summarized as well as the percentage of buildings exposed by year.
These data were used first to examine the number of communities
that would experience a given level of exposure each year at six EP
levels, and compare the variation around each exposure level as
shown by box plots. In this way, the expected number of communities
impacted at a specific level of exposure could be estimated. We created
EPs using both the percentage of the buildings in a community and the
total buildings to understand extreme events at the scale of individual
communities, to understand relative versus absolute exposure at the
community scale. By analyzing the percentage exposed we were able
to highlight small but highly exposed communities (e.g., Paradise, CA)
according to simulations. We then created maps of EPs for four levels
of exposure.

2.8.2. Effect of fuels and building density on simulated building exposure
We used data for building density (Section 2.2), fuels density

(Section 2.3), and burn probability (Section 2.4) to test the hypothesis
that specific combined values of these variables maximize building expo-
sure as described at the outset of thepaper. Smoothedgrids for eachof the
three variables were used to obtain average estimates per 1 km2 area
circle using nearest neighbor resampling. Simulated building exposure
per km2 was the product of the building density and burn probability.
Annual building exposure per km2 was then estimated with the model:

Exp ¼ s BD,BurnPð Þ þ ecoregionþ error ð1Þ

where BD is the number of buildings within a 1 km2 circle, BurnP is the
burnable fuel proportion within a 1 km2 circle ranging from 0 to 1,
ecoregion is a categorical variable indicating the Omernik ecoregion
(sensu Alexandre et al., 2016a), s() is a two dimensional smooth spline
function and error is random Gaussian noise. The model was estimated
using generalized additivemodels (GAM)with theMixedGAMCompu-
tation Vehicle (mgcv) package in the open source R statistical package
(R Core Team, 2019).

3. Results

3.1. How well do broad trends in simulated exposure to developed areas
align with recent historical observations?

Observed annual area burned in the western US was 1.19 million ha
for the period 1990–2018, compared to 1.21 million ha from simulations
(Table 2, Fig. 2A). Observed annual building exposure obtained from
intersecting fire event perimeters and MS building footprints from 2000
to 2018 was 10,080 buildings (Table 2, Fig. 2B). Building exposure from
utputs. See Table 1 and text for additional details.

Observed

te fire seasons 29 (1990–2018)a

8898b

1,185,748
licate = 7057) 2,968,379 (year = 2012)c

icate = 9338) 39,505 (year = 2018)

shed studies; annual area burned metrics included 35 fire seasons (1984-2018) for the

(2016 to 2018) was equivalent to simulated exposure as noted in the table.
are estimated to be approximately 1.2× higher.



Fig. 2. Probability distributions for area burned (A) and buildings exposed to wildfire (B) for recent historical and simulated fire events. Panel A is truncated at 700,000 ha (excludes two
bins for simulated data only with probability <0.0003). Panel B is truncated to 100,000 buildings (125 years simulated >100,000 buildings exposed). Data sources and date ranges are in
Table 1. The Camp fire that burned most of Paradise, CA is shown as a red line; data are based on CalFire (2020).
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simulated fires was substantially higher at 23,139 buildings per year
(Fig. 2B). However, when the observed building exposure was calculated
for the last 5 years of available data (2014–2018), the value increased to
17,280, or within 75% of simulated (Appendix Fig. A3), and for the last
three years of data within 94%. Annual variation in building exposure as
measured by standard devaition (Appendix Fig. A3) for the same five
years was 14,851 buildings.

At a finer ecoregional scale, comparing observed (MTBS perimeter
and MS building data) and simulated (FSim perimeter and building
data) wildfires revealed variable differences (Fig. 3; Appendix
Table A1). In some ecoregions the observed and simulated were similar
(Great Plains (GPL) and Mediterranean California (MCA)) while other
Fig. 3. Boxplots of annual building exposure calculated from observedMTBS (2000–2018)
(MTBS Data Access, 2020a) and simulated FSim wildfire perimeters (10,000 fire season
scenarios) intersected with MS building footprints. Note log scale on the y-axis. The
2018 Camp fire is shown for reference with the number of exposed buildings according
to CalFire (2020) (19,558). Black box lines are medians, the tops and bottom of the
boxes are the 75th and 25th percentiles, whiskers represent 1.5 times the low and high
percentiles; outlier data points outside the whiskers are denoted by dots. GPL = Great
Plains, MCA = Mediterranean California, MWC = Marine West Coast Forest, NAD =
North American Desert, NFM=Northwest ForestedMountains, SSH=Southern Semiarid
Highlands, TSH = Temperate Sierras.
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regions exhibited larger differences (North American Desert (NAD)
and Northwest Forested Mountains (NFM)). Interestingly, the range of
values between the 25th and 75th percentiles in the respective data
sources had substantial overlap (Fig. 3, vertical range of boxes), al-
though the simulation data contained substantially more outliers
which was expected given the larger sample size (10,000 versus 19).

The comparison between total observed and simulated exposure by
ecoregion is expanded in Fig. 4 to include multiple sources of observed
data. The magnitude of the overprediction estimated with the same
data as in Fig. 3 was concentrated in two of the ecoregions (NAD, NFM).
Both observed and simulated exposure were highest for the MCA
ecoregion by over twice the value as the next highest region (Fig. 4A).
The highest underprediction between observed and simulated
corresponded to the GPL where modeled values were 5 to 6 times
lower. Simulated exposure was on average about 20% higher when
using the FSim-MS building data (building data vintage = 2015)
compared to FSim-SILVIS WUI census block data (housing unit data
vintage = 2010) (Fig. 4A). The distribution of exposure among the
ecoregions expressed as a percentage of the total exposure within each
data setwas similar asmeasured by the FSim-SILVIS or FSim-MS building
data (Fig. 4B). Simulated exposure on a percentage basis was spread
more evenly among the ecoregions compared to observed obtained
from prior studies and historical data. Although total building exposure
estimated from simulation was substantially higher when calculated
with the FSim-MS building data compared to FSim-SILVIS (Fig. 4A), as a
percentage of total buildings exposed the two data sets provided similar
results (Fig. 4B). In other words, the simulation estimates were propor-
tionately lower in MCA, and higher in all the other ecoregions except
the GPL, compared to observed. Comparing the two observed data
sources (Alexandre et al. (2016a) and the MTBS-MS building), we note
that estimates are similar except for a higher exposure in the NFM
ecoregion based on MTBS-MS building, and higher exposure in GPL
based on Alexandre et al. (2016a).

3.2. What are is frequency and magnitude of simulated extreme exposure
events that exceed observed records?

3.2.1. Western US
In terms of extreme fire years included in this study (1990–2018) in

the western US, the largest burned area between was in 2012



Fig. 4. Comparison of observed and simulated building exposure from wildfires in the western US by ecoregion. (A) Annual number of buildings exposed, and (B) percentage of total by
ecoregion for each data set. The data include: (1) empirical observations fromAlexandre et al. (2016a)where all buildings, exposed and lost, weremanually digitized for large fires (>405
ha) occurring during 11 years (2000 to 2010); (2) estimates from intersectingMTBS perimeters withMS building data; (3) simulated data derived from intersecting SILVISWUI polygons
(Martinuzzi et al., 2015) and FSim perimeters; and (4) intersection of MS building data with FSim fire perimeters (Table 1). Definitions for the ecoregions are in Fig. 3.
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(2,968,379 ha), compared with a simulated fire year that burned
8,260,639 ha in 1782 fires, exposing 76,210 buildings within the perime-
ters (Appendix Fig. A4; we note that preliminary data on the 2020 fire
season showed an even higher area burned–3.6 million ha resulting in
46 fatalities, and 13,887 buildings lost– although the lack of fire perime-
ters precluded inclusion in this study). The largest number of buildings
exposed in a single simulated year was 495,843, when 3,964,265 ha
burned in 436fires (Appendix Fig. A4A). Given there are 10,000 simulated
fire seasons, this extreme year has a probability of 1 in 10,000. The worst
observed fire year in terms of buildings exposed or burned was 39,505
buildings in 2018 (Appendix Fig. A4B). The most extreme exposure
event from a single simulated fire was 106,378 buildings in California in
Fig. 5. Exceedance probabilities (EP) for the western US by ecoregion showing the probability
exposure in a given year; and (B) as a percent of total buildings in the ecoregion. The EP for P
fire perimeters that were intersected with the buildings in that specific community using fuels
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a fire that burned 470,578 ha. The maximum number of observed build-
ings exposed was 16,855 from the 2018 Camp fire, as estimated from
the intersection with MTBS perimeters and Microsoft building data
(19,558 structures according to CalFire (2020); Appendix Fig. A5).

3.2.2. Ecoregions
Ecoregional extreme eventswere quantifiedwith EP graphs that show

the probability that a certain exposure threshold will be exceeded by
ecoregion per year. The high levels of exposure in the Mediterranean
California ecoregion evident in the prior results are reflected in the EP
graph where for instance there is a 1% probability that more than
150,000 buildings will be exposed to fires per year (Fig. 5A). By contrast,
of annual building exposure being exceeded by a specified level. EP of (A) total building
aradise (in the Mediterranean CA ecoregion) was derived from the simulation library of
data that preceded the 2018 Camp fire.
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the Northwest ForestedMountains, which had the next highest probabil-
ity of extreme events, showed much lower exposure relative to
Mediterranean California, and the lack of extreme, low probability events
in all the regions was evident (Fig. 5A). However, when expressed as a
percentage of total buildings in the ecoregion (Fig. 5B), the simulated ex-
posurewas higher for other regions, particularly in the Southern Semiarid
Highlands, and North American Desert regions (Fig. 5B). The comparison
of total exposure to per building exposure highlights relative risk to indi-
vidual buildings versus populations of buildings in developed areas. This
comparison highlights the relative effects of building density versus fire
frequency as the cause of exposure. The shifting of the EPs among the
regions between total and per building exposure shows (Fig. 5A ver-
sus B) that high exposure in Mediterranean California results from a
large number of buildings and that the probability of exposure for a
given building is actually higher in most of the other ecoregions.
Interestingly, the EP for Paradise, California, derived from the simu-
lations on a per building basis prior to the 2018 Camp fire, was sub-
stantially higher than all the ecoregional estimates (Fig. 5B).

3.2.3. Communities
Box plots show the total number of communities in the western US

exposed to wildfire as measured by the percentage of buildings in the
community that fall within a fire perimeter in simulation (Appendix
Fig. 6. Exceedance probabilities (EP) maps for four levels of community exposure in thewestern
the community scale for 5132 communities. Images show EPs for 5%, 25%, 75%, and 95% of tot
highlights variation in exposure regimes, i.e. the frequency versus intensity of exposure even
between low and high impact events for a particular community was correlated for extreme
were many outliers where there was a relatively high probability of exceeding a single build
many communities that had only high probability events if an event occurred. Overall, simula
the study area.
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Fig. A6). In any given year, the simulations indicate that about 25 com-
munities had at least 5% of the buildings exposed to fire, and about four
communities had at least 50% of the buildings exposed. The median
number of communities where 100% of the buildings were exposed
was near 0. Box plots show large variation around the median number
of communities for low levels of exceedance. At the 5% exceedance
level the difference between the 25th and 75th percentiles ranged from
a low of 18 to a high of 39 communities.

Mapping EP by community (Fig. 6) pointed to several hotspots of
simulated exposure as measured by the percentage of buildings ex-
posed annually. At the highest exposure level, hot spots are evident
in northern NV, north central UT, southern CA and southern NM.
Contrasting the four panels (5%, 25%, 75%, and 95%) shows regions
of higher probability of exceedance at low levels, versus lower prob-
ability of exposure at high exceedance levels, meaning that the shape
of the EP relationship changed among the communities. Thus, some
regions had a high EP for a low impact event (e.g., southwest Oregon,
Fig. 6) but a relatively lower EP for a higher impact event, in compar-
ison to other areas (e.g., central UT). Paradise, California had an EP of
0 for exceeding both 75% and 100% building exposure (0.0001 for EP
of 50%). Mapping EP by total building loss (Appendix Fig. A7) gener-
ally highlighted communities in California and Arizona as indicated
in other results.
US expressed as the percentage of buildings exposed. Building exposurewas estimated at
al buildings exposed within a community in a given year. Fig. A7 in the Appendix further
ts for individual communities (sensu fire regime, (Morgan et al., 2001). The relationship
values in terms of the number of buildings exposed (Appendix Fig. A8), although there
ing exposed, but close to zero probability of a high impact event. Conversely there were
tion outputs predicted widely different fire exposure regimes among the communities in



Fig. 7. Simulated building exposure by ecoregion and wildland urban interface (WUI) class using SILVIS housing density data and wildfire simulation perimeters. (A) Simulated total
annual building exposure by WUI class and ecoregion, (B) percentage of total building exposure within each ecoregion by WUI class, (C) exposure by WUI class expressed as a
percentage of the total buildings in that ecoregion, (D) total number of buildings in each WUI class as derived from SILVIS. Definitions for the ecoregions are in Fig. 3. See Appendix A
Table A2 for exposure by WUI class and housing density class.
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3.3. How do simulated wildfires distribute exposure among WUI types and
what are the relative effects of fuel versus building density?

Interface and intermix WUI accounted for the vast bulk of the
simulated exposure in all ecoregions, while urban and forested cate-
gories accounted for the least (Fig. 7A, B). While interface was a
substantial WUI type in terms of total and percentage of total expo-
sure at the ecoregional scale (Fig. 7A, B), on a per building basis
they were marginally exposed compared to the other WUI classes
(Fig. 7C). In terms of the relative likelihood of exposure on a per
building basis, forested areas went from the lowest to the highest
(Fig. 7C). This finding indicates that the high exposure in the inter-
face results from a relatively large number of buildings (Fig. 7D),
and the high exposure in the intermix results from more fire expo-
sure per building. Our results for the Mediterranean California
(MCA) ecoregion were similar to Kramer et al. (2019) for interface
and non-urbanWUI classes (Appendix A Table A4), but higher for in-
termix (49% with simulation versus 37.6% observed), and lower for
Non-WUI, rural.

Results from the GAMmodeling of the 25 million building observa-
tions in the western US showed the compensating effects of building
density and burnable fuel on simulated exposure, meaning that
9

conditions that reduced exposure in one of the variables could be in-
creased by changing the value of the other (Fig. 8A). The results sug-
gested peak exposure at a fuel density of 0.7 and a building density
between 1400 and 1500, although the region of high exposure was
broadly defined by the two explanatory variables. These same patterns
were evident for all ecoregions, however the estimated exposure values
were lower by a range of −0.0015 to −0.008 for the remaining
ecoregions (Appendix A Table A3).

We created five hypothetical wildfire spread scenarios that start in
the wildlands (e.g. left, Fig. 1, upper left Fig. 8A) and transitioned
through increasing building density and decreasing fuels (Right, Fig. 1,
lower right Fig. 8A). These gradients typify the spread patterns of
largefires (e.g., Carrfire) that start inwildlands and spread to developed
areas through increasing density of buildings. Exposure values were
then estimated from the GAM model along the scenarios and plotted
at equal intervals in relation to building and fuels density (Fig. 8B).
The results showed that each scenario had a slightly differentmaximum
exposure in relation to fuel density, mostly in the region of 0.4 to 0.6.
Scenarios where fires passed through higher fuel and building density
showed maximum exposure at the higher levels of the two explana-
tories, as illustrated in the shifting of the peak to the right in Fig. 8A.
At lower levels of fuel and building density (scenarios at the lower left



Fig. 8.Relative effect of building versus fuel density on simulated building exposure for theMediterraneanCalifornia ecoregion. (A) Isolines estimatedwith the generalized additivemodels
procedure as outlined in the methods show building exposure per km2 with hypothetical transects from the wildlands to developed areas for reference in panel B with comparison of
SILVIS wildland urban interface (WUI) classes. (B) Simulated exposure for hypothetical transects shown in A show the existence of peak values of building exposure. Paradise,
California is noted in both panels for reference. Black vertical lines indicate the threshold for medium versus high density WUI. Note that very low and low density WUI classes
(<49.42 structures km−2) are not shown and the definition of interface includes distance to wildland vegetation not considered here.
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side of Fig. 8A), there was little evidence of a specific combination of
fuels and buildings that maximized simulated exposure.

4. Discussion

Wedescribed potential extremewildfire events at multiple scales in
thewestern US and examined howgradients in fuels and buildings con-
tribute to exposure. The study was motivated by the Camp fire and the
resulting disaster in Paradise, California, and whether the likely loca-
tions of future events of similarmagnitude can bemappedwith simula-
tionmodeling. The results of the study havewidespread application for:
1) the design of future peri-urban developments that avoid specific fuel/
building densities that maximize exposure; 2) disaster planning for po-
tential future black swan fire events and seasons (Barclay, 2019; Hulse
et al., 2016; Joseph et al., 2019); and 3) prioritizing federal assistance
to high exposure communities similar to Paradise, California.

While many empirical studies of WUI exposure focus on extreme
wildfire events, most simulated risk and exposure assessments in the
US and elsewhere (Ager et al., 2019; Bar Massada et al., 2009; Oliveira
et al., 2020; Scott et al., 2013) do not, rather they report expectations
of average impacts from fire events. Given predicted climate change ef-
fects on the global fire footprint (Abatzoglou and Williams, 2016;
Abatzoglou et al., 2019; Liu et al., 2010), analytical templates need to
begin incorporating the assessment of wildfire exposure from extreme
wildfire events aswith other natural disasters. As noted in the introduc-
tion, despite the potential contributions from both predictive and em-
pirical reconstruction studies to understanding the WUI wildfire
problem, most of the recent empirical studies (Alexandre et al., 2016a;
Kramer et al., 2019) have not compared their findings relative to the nu-
merous wildfire simulation studies to understand exposure and loss
(e.g., Bar Massada et al., 2009; Oliveira et al., 2020; Penman et al.,
2014; Calkin et al., 2010; Haas et al., 2013) and the effects of fuel treat-
ments (Ager et al., 2007; Penman et al., 2015).

Simulation models are widely used in disaster and hazard predic-
tion, including hurricanes and earthquakes (Irikura and Miyake, 2011;
Vickery et al., 2000), and when carefully interpreted on a background
of empirical data can provide predictive capabilities not afforded in em-
pirical studies of past events. Conversely, empirical studies can describe
and validate complex interactions betweenwildfires and building char-
acteristics (Maranghides andMell, 2011; Syphard et al., 2017) that con-
tribute to loss (versus exposure) that have yet to be incorporated into
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large fire event simulation systems. Our study focused on the probabil-
ity and intensity of exposure from future events rather than identifying
explanatories for exposure from events that already occurred. While
empirical data sets are becoming larger with each disaster, extrapola-
tion to unaffected areas still lacks sufficient sample size to map risk at
a scale that is useful for prioritizing and designing strategic fuelmanage-
ment projects, and to distinguish communities at risk from different
types of fire regimes, either from chronic low impact fire or infrequent
highly destructive events. Although there are other methods for
predicting exposure and loss from empirical data (e.g., Syphard et al.,
2019), these are difficult to scale up over broad regions, and less effi-
cient given the national wildfire simulation library (Short et al.,
2020a) and the availability of landscape fire models and associated
data (Brittain, 2015; LANDFIRE, 2014).

Our study examined three interrelated questions concerning future
wildfire impacts to developed areas in the western US as follows.

4.1. How well do broad trends in simulated exposure to developed areas
align with recent historical observations?

Simulation estimates of exposure were compared with multiple
sources of empirical data atmultiple scales to understand the predictive
capabilities of modeled wildfires. Total annual simulated exposure for a
single extreme wildfire event the western US was significantly higher
(2.6 times) than observed exposure, despite the fact that simulated
total area burned in simulationwaswithin 2% of the observed. The over-
prediction of exposure in terms of absolute numbers of total buildings
was primarily concentrated in three ecoregions (Mediterranean Califor-
nia, North American Deserts, and Northwest Forested Mountains) and
was on average about 20% higherwhen using theMSbuildingdata com-
pared to SILVIS WUI. In general, the simulation estimates were spread
more broadly among the ecoregions compared to the empirical which
were heavily concentrated in the Mediterranean California ecoregion.
However, the historical record is limited (n = 19) and highly variable
over the time period used (Appendix Fig. A3). One explanation is that
increased fire suppression effort and expenditures and resulting con-
tainment resources specifically for WUI fires (Clark et al., 2016; Gude
et al., 2013) are effective at containing spread into developed areas,
whereas the FSim containment model which uses daily trends in ERC
to predict the probability of containment (Finney et al., 2011) is blind
to fire spread into theWUI.We also did not specificallymodel increased
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suppression resources that are deployed in and around communities
during wildfire events and potentially halt the progression of fires
(Gude et al., 2013). For example, the 2018 Camp fire failed to reach
the suburban community of Chico as a result of fire suppression efforts
(Brown, 2020) (33,931 MS building footprints in Chico). Simulated
wildfireswere suppressed according to historical relationships between
suppression success and daily trends in ERC (Finney et al., 2011), and
burned only where there were combustible wildland fuels as indicated
by LANDFIRE data.

4.2. What is the frequency and magnitude of simulated extreme exposure
events that exceed observed records?

At both the ecoregional and community scale we expected and
found large differences in both total and per building estimated expo-
sure as evidenced in EP graphs. However, assessing exposure as a per-
centage versus total buildings exposed changed the relative ranking
substantially (Fig. 5, Appendix Fig. A8). Not surprisingly, communities
in southern California with relatively large urban sprawl over extensive
areas nestled in fire prone vegetation dominated the highest ranked
communities in terms of total building exposure. However, on a per-
centage of total buildings in a community, we identified smaller rural
communities scattered throughout the study area with high exposure,
especially ones that were surrounded by extensive national forest
lands. While total exposure is a useful prediction for large scale disas-
ters, from a community resiliency standpoint (Kulig and Botey, 2016;
Norris et al., 2008), we suggest that community resiliency is lower for
small communities that face extreme loss (e.g., 100%) versus large com-
munities that face minor losses (e.g., <1%) even though total affected
buildings is equal.

Our results showed thewide spectrumof exposure regimes for com-
munities in the western US and that frequency and magnitude of expo-
sure are community scale properties. The wide range of community
exposure regimes in terms of frequent-low exposure versus infrequent
high exposure events is a parallel concept to natural fire regimes
(Barrett et al., 2010). Community exposure regimes arise from local var-
iation in the natural and human driven fire regimes of the surrounding
wildlands as determined by ignition frequency, fire spread rates, fuels
and the spatial building patterns that determine the permeability of
the community to fire (Syphard et al., 2017). For instance, communities
with a high proportion of burnable fuels are more susceptible to high
exposure events, and those surrounded by high frequency fire regimes
are also exposed to frequent fire. In general, larger communities
where a significant area is in non-burnable conditions in part explains
differences in exposure regime either per building or in terms of total
exposure. Communities such as Paradise, California, that are surrounded
by a high frequency natural fire regime and have high permeability to
fire based on buildingdensity and fuels, aremore susceptible to extreme
exposure events. Recent wildfire seasons indicate that building expo-
sure regimes are rapidly changing just as ecological fire regimes are as
well (Cansler and McKenzie, 2014; O'Connor et al., 2014). Community
fire regimes are a potentially useful classification to communicate and
tailor community-specific actions to protect against fire and measure
community adaptation to fire as a local disturbance. For instance,
chronic low intensity fires are an ignition prevention problem, rather
than building arrangement and urban fuels, and communities are
more likely to adapt to this type of fire regime (Toman et al., 2014).
Conversely, communities faced with infrequent, large fire events and
resulting extreme exposure will face a significantly more difficult pro-
cess for community adaptation and effective protection.

Risk assessment case studies in the US and elsewhere describe long
run average expectations largely derived from simulation that do not
reflect rare black swan (Taleb, 2007) or extreme wildfire events
(Attiwill and Adams, 2013; Tedim et al., 2018; Viegas, 2013) that drive
changes in ecosystems and their fire regimes (Coop et al., 2020).
Although these events are associated with the tails of the fire exposure
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distributions, where errors can be large, identifying the intersection of
communities and these extreme events is informative. Large fires have
a proportionately larger impact on ecosystems and people (Tedim
et al., 2018). Studies suggest that over time, if extreme events
(e.g., “gigafire”, Gabbert, 2020) become more frequent, eventually fire-
on-fire feedbacks self-limit burned area (Parks et al., 2016; Prichard
et al., 2017). However, vegetation type changes that can result from in-
creasingly high intensity fires and a changing climate (Stephens et al.,
2013) can accelerate fire return intervals, facilitated by increases in
human ignitions (Mietkiewicz et al., 2020). This trend was observed in
a forest modeling study where over a 50-year time period, fire feed-
backs were initially negative and turned positive as the landscape be-
came dominated by early successional vegetation with higher rates of
spread (Ager et al., 2017). Colonization of frequently burned landscapes
by invasive species can further accelerate reduction in fire return inter-
vals (Kerns et al., 2020).

In-practice, traditional risk models may be improved by considering
hazard, vulnerability, resilience, and extreme events. This broader ap-
proach will help prioritize longer term outcomes to reduce vulnerabil-
ities, as well as strengthen community resilience for risk mitigation
and adaptation to future hazards, which is also stressed in the Sendai
Framework for Disaster Risk Reduction adopted by the United Nations
(2015). A comparatively new risk assessment narrative has been
discussed that considers both natural hazard potential and resilience
of communities (Angeler et al., 2018; Sajjad and Chan, 2019). It is possi-
ble that simulationmodeling as employed in risk analysis can contribute
in multiple ways to understanding community variation in terms of
both adaptive capacity and resiliency. As discussed above, fire adapta-
tion as an ecological process occurs as frequent fire selects for fire
adapted species, just as frequent, low intensity exposure will lead to
homeowner fire adaptation at the community scale (Ghasemi et al.,
2020), although see Martin et al. (2009). To our knowledge, studies of
risk perception (Fischer et al., 2014) have not examined how the pro-
cess of adapting to wildfire would proceed down different pathways
for different exposure regimes. Likewise, we suggest communities that
have the potential for near 100% exposure from infrequent fires
(Fig. 6, lower right) would have lower resiliency than those exposed
to higher frequency low impact events.

4.3. How do simulated wildfires distribute exposure among the discrete
WUI types and what are the relative effects of fuel versus building density?

At the resolution of individual SILVIS WUI classes, simulated expo-
sure was highest for interface and intermix as observed in prior studies.
The results suggested that high exposure in the former is due to the ab-
solute number of buildings, while in the latter it stems from higher
burned area. Relative exposure among WUI classes reported by
Kramer et al. (2019) for the Mediterranean California region was simi-
lar, with our simulated exposure higher in the intermix (49% versus
37.6%). Kramer et al. (2019) also reported much lower exposure in the
Non-WUI, rural compared to simulation (13.5 versus 3.5%) (Appendix
Table A4). The bulk of the buildings and observed absolute exposure
in the Kramer et al. (2019) studywere in the interface, but comparisons
are coarse given our results were specifically for the Mediterranean
California ecoregion.

Results from the GAMmodeling disentangled the different exposure
regimes associated with specific WUI classes (Fig. 8) into a gradient of
exposure with compensatory effects of building density and wildland
fuels.We found that building exposure can be high in the intermix or in-
terface depending on the burnable fuel fraction and building density
(Figs. 1, 8). Thus, high levels of per building exposure are possible in
any of theWUI classes, conditional on specific combinations of burnable
fuels and buildings. Paradise, CA fell within the uppermargin of the plot
at a fuel density of 0.7 and building density of 314 km−2 (Fig. 8; note
that Paradise is considered majority intermix based on 2010 SILVIS
WUI classes aswell). Transects trace the path of a hypothetical incoming
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fire that ignites in the wildlands (left, Fig. 1, upper left Fig. 8A) and
spreads into increasing densities of development and decreasing fuel
densities (Right, Fig. 1, lower right Fig. 8A). The resulting exposure gra-
dient has high points of building exposure as postulated at the outset of
the study, although the peak is relative among the example gradients.

Relating our results to observed data is made difficult by the fact that
most empirical studies of fire events focus on factors that consider loss,
not exposure, and those that consider exposure may report results at
varying levels of building density but not fuels, or vice versa. Results are
presented in classes, where typically wildland vegetation is binned into
large groups (Kramer et al., 2019; Mietkiewicz et al., 2020), confounding
the ability to disentangle the gradient of burnable fuels and its effect on
exposure. In other cases, both gradients of fuel and housing density
(among other predictor variables) have been used to explain building ex-
posure or loss (Penman et al., 2019; Price and Bradstock, 2013b), but are
not presented in a way to allow for comparison to our results.

4.4. Study limitations and future improvements in wildfire disaster
prediction

Despite the many limitations associated with simulation modeling
and the methods in these experiments discussed above, the outputs
from this work have useful application to prioritize federal, state, and
local investments into community wildfire protection programs based
on the level of exposure, source, and potential for forest management
activities. We acknowledge limitations in the use of fire simulations
for predicting building exposure and we have attempted to bridge our
results with empirical data to mitigate over interpretation of the simu-
lation data. Foremost, our predictions only apply to contemporary cli-
mate, which is not a well-founded assumption under a changing
climate (Abatzoglou andWilliams, 2016; Goss et al., 2020). Increasingly
natural disaster assessments are incorporating climate change (Mills
et al., 2018), although large scale spatial risk assessments for wildfire
impacts under climate change in the US have not advanced to this
stage (although see Syphard et al., 2019). Data vintages also make
some of our comparisons coarse given simulation data represent 2014
fuels and the length of wind data records obtained from RAWS stations
varied widely among pyromes with variable start dates as old as 1985.
However, the sample size afforded by simulation, coupledwith building
footprint data with accuracy within a few meters makes it possible to
characterize WUI exposure gradients at scales heretofore not possible
for the conterminous US.

This study focused onwildfire disasters fromahuman context, andwe
recognize that uncharacteristic wildfires have cascading impacts on
ecosystem processes and resiliency to other natural perturbations includ-
ing climate. Well studied are the effects of extreme, stand-replacing
wildfires that remove viable seed sources over large areas, create
conditions that retard seedling establishment significantly delaying or
preventing post-fire forest recovery (Kemp et al., 2016; Stephens et al.,
2013), and converting forested areas into a qualitatively different vegeta-
tion type. Simulationmodeling to map and predict these impacts and the
potential benefits for restoration programs iswell developed and comple-
ments the use of these models in the context of the present study. One
major limitation of the simulation is that we do not measure exposure
from firebrands transported beyond the fire perimeters (Koo et al.,
2010) that expose buildings as potential ignition sources. Modeled wild-
fires do not burn into high-density WUI, whereas in actual fire events
wildfires can spread through ember showers that ignite buildings and ini-
tiate building-to-building spread (e.g., 2014 Carlton Complex fire, WA;
2018 Carr Fire, CA) as discussed above. Building ignition from embers
are a significant cause of loss, although in the current study where the
concern is exposure the bias is due to embers being carried outside the
final perimeter since we only measure final exposure within the fire pe-
rimeter (Koo et al., 2010).

Another potential interpretation problem stems from the scale dif-
ferences between mapped fuels and FSim input fuelbeds. We expected
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significant under-prediction since simulated fires do not propagate
into high-density developed areas where fuel beds are generally
mapped as non-burnable. However, the resolution difference between
the 30 m LANDFIRE data and the aggregated 270 m FSim fuels data bi-
ased predictions in both directions in areas that have highly intermixed
fuel types. For instance, there are 81 30-m LANDFIRE pixels in one 270-
m FSim pixel used in the simulations. If more than 40 pixels are classi-
fied as burnable fuels, FSim will burn in that pixel, and when overlaid
with the MS building data, buildings will be exposed to fire using our
methods, thus essentially allowing building exposure in areas with sig-
nificant non-burnable surface fuels (e.g., 49%).

The relationship between historical rates of building loss relative to
exposure varies widely among fire events and ecoregions (Alexandre
et al., 2016a), making extrapolation of our exposure data to loss difficult
at best. Kramer et al. (2019) reported a relatively stable loss rate among
the WUI classes, ranging from 10 to 15%. Graham (2003) reported 17%
building loss to wildfire for the 2002 Hayman fire, while Schmidt
(2020) reported 41% for the 2015 Butte fire. Nonetheless, recent studies
reported increasing loss rates in fires occurring after 2015 (Syphard and
Keeley, 2019). At the extreme, the Camp fire destroyed a reported 96.2%
(18,793 buildings; (Brown, 2020)) while many other fires have 0% re-
ported loss (SIT 209). On average, across all the fires sampled in
Alexandre et al. (2016a) from 2000 to 2010, percent building loss in the
western US ecoregions was estimated at 20%. Detailed studies of building
loss have identified local factors not considered in the current study in-
cluding clustering, isolation, proximity to fuels, road density, and wind
corridors (Syphard et al., 2017). In relation to building density, empirical
studies report that loss was more likely if density was less than
54 km−2 (Syphard et al., 2017) or in the range of 0–12 structures km−2

(Syphard et al., 2019). Building density in Paradise, CA burned by the
Camp fire was 361 km−2 (Syphard et al., 2019).

5. Conclusions

Both simulation and empirical studies can advance wildfire disaster
prediction, and studies that synthesize information from both ap-
proaches will contribute to understanding and reducing wildfire losses
to developed areas. In the future, simulation models that span the
scale of landscapes to individual buildings will becomewidely available
to predict large fire spread, propagation by non-wildland fuels into
communities, and building ignition. New machine learning and re-
motely senseddata are available that can beused to construct individual
building vulnerability models as done for predicting hurricane damage
as a function of roof type (Bardeloza et al., 2019). Private sector insur-
ance companies have developed prototype models that link landscape
fire spread to ember production and building ignition models (Michael
Young, Risk Management Solutions, pers. comm.) and applied these
models to estimating expected financial loss from wildfires. Likewise,
downscaled climate scenarios can be incorporated into mechanistic
fire simulation models (Abatzoglou, 2013; Hulse et al., 2016) to assess
future extremewildfire events and their juxtaposition relative to devel-
oped areas. Work is underway to incorporate climate change into FSim
using downscaled ERC generated fromGlobal CirculationModels. These
simulations will open the door to explore a wide range of management
scenarios under alternative climate to understand how forest and fuel
management investments, coupled with community hardening, can
alter the current course of wildfire impacts. These and other enhance-
ments will further advance the use of fire simulation modeling to pre-
dict future wildfire disasters and guide preventative programs in both
the wildlands and within areas susceptible to them.
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