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Abstract This simulation research was conducted in order
to develop a large-fire risk assessment system for the contiguous land area of the United States. The modeling system
was applied to each of 134 Fire Planning Units (FPUs) to
estimate burn probabilities and fire size distributions. To
obtain stable estimates of these quantities, fire ignition and
growth was simulated for 10,000 to 50,000 ‘‘years’’ of artificial weather. The fire growth simulations, when run
repeatedly with different weather and ignition locations,
produce burn probabilities and fire behavior distributions at
each landscape location (e.g., number of times a ‘‘cell’’ burns
at a given intensity divided by the total years). The artificial
weather was generated for each land unit using (1) a fire
danger rating index known as the Energy Release Component (ERC) which is a proxy for fuel moisture contents, (2) a
time-series analysis of ERC to represent daily and seasonal
variability, and (3) distributions of wind speed and direction
from weather records. Large fire occurrence was stochastically modeled based on historical relationships to ERC. The
simulations also required spatial data on fuel structure and
topography which were acquired from the LANDFIRE
project (http://www.landfire.gov). Fire suppression effects
were represented by a statistical model that yields a probability of fire containment based on independent predictors of
fire growth rates and fuel type. The simulated burn probabilities were comparable to observed patterns across the U.S.
M. A. Finney (&)  C. W. McHugh  I. C. Grenfell 
K. C. Short
USDA Forest Service, Missoula Fire Sciences Laboratory,
5775 Highway 10 West, Missoula, MT 59808, USA
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over the range of four orders of magnitude, generally falling
within a factor of 3 or 4 of historical estimates. Close
agreement between simulated and historical fire size distributions suggest that fire sizes are determined by the joint
distributions of spatial opportunities for fire growth
(dependent on fuels and ignition location) and the temporal
opportunities produced by conducive weather sequences.
The research demonstrates a practical approach to using fire
simulations at very broad scales for purposes of operational
planning and perhaps ecological research.

1 Introduction
For the U.S. Federal land management agencies, a nationalscale assessment of wildfire risk offers a consistent means
of understanding and comparing threats to valued resources
and predicting and prioritizing investments in management
activities that mitigate those risks. An actuarial approach to
risk is well suited to strategic planning in fire and land
management because it integrates fire probabilities with the
consequences (Brillinger 2003; Calkin et al. 2010; Fairbrother and Turnley 2005; Scott 2006). Such quantitative
risk assessments are still relatively new to wildland fire,
however, in part because of difficulty associated with
reliably estimating burn probabilities and variability in fire
behavior (Finney 2005). Other challenges involve the
estimation of economic or ecological impacts (positive or
negative) produced by the physical fire behaviors (Brillinger 2003; Calkin et al. 2010; Kerns and Ager 2007). In
this article, we describe the structure of a simulation system designed to estimate the probabilistic components of
wildfire risk for Fire Planning Units (FPUs) across the
continental U.S. and then evaluate its performance against
historical records. A companion article in this issue is
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devoted to the valuation and impact portions of fire risk
assessment (see Thompson et al. 2011).
Burn probabilities are the outcome of ignitions and spatial
and temporal processes that promote or restrict fire spread
across landscapes. Burn probability and associated fire
behavior is heavily influenced by large fires because they
account for most of the burned area (Podur et al. 2009;
Strauss et al. 1989). The term large is used here to refer in a
general way to fires that escape initial attack, irrespective of
their actual size. Fire size criteria are often used for statistical
purposes, however. For example, between 1970 through
2002, fewer than 3% of fires on Forest Service lands were
larger than 121 ha (300 acres) (Calkin et al. 2005). Suppression efforts have presumably been responsible for
reducing estimated burning rates and probabilities in the past
century (Littell et al. 2009) compared to previous centuries
(Stephens et al. 2007). Some of the observed variability in
burn probability across the country is related to vegetation
and human activities as well as climate (Parisien and Moritz
2009; Schmidt et al. 2002; Schroeder and Buck 1970). The
rarity of large fires, in combination with the weather, fuels,
topography, and suppression actions unique to each fire,
contributes to difficulty in planning and risk modeling and in
obtaining the large sample sizes necessary to capture the
variability in these events.
Impacts of large fires derive from fire spread across heterogeneous landscapes far from their ignition sources under
highly variable weather. Simulations are routinely used for
capturing this variability when modeling growth and
behavior of individual fires (Anderson et al. 1982; Finney
1998; Richards 1995). Yet, methods for realistically incorporating the variability of ignitions, climate, and specific fire
weather patterns in simulations of burn probability are still
emerging (Ager et al. 2007, 2010; Beverly et al. 2009; Moritz
et al. 2005; Parisien et al. 2005; Parisien and Moritz 2009;
Braun et al. 2010). Other methods for addressing large fires
in fire management systems and risk assessments have
included expert gaming (Bratten et al. 1981), non-spatial
stochastic methods (Alvarado et al. 1998; Brillinger 2003),
and statistical modeling of historical data (Brillinger et al.
2006; Preisler et al. 2004; Preisler and Westerling 2007).
Despite the difficulties of using spatial simulations for
quantitative fire risk assessment, their strength lies in
accounting for the variability in physical fire behaviors and
the associated consequences that arise because of topology
in fire spread. The complex topology of fuel patterns,
weather sequences, and fire spread, have strong influences
on the patch structure of fire effects (Collins et al. 2007;
Wimberly et al. 2009) and the effects of fuel treatments
(Finney et al. 2005; King et al. 2008; Schmidt et al. 2008).
In fact, the ability to capture fuel treatment effects on local
and landscape burn probabilities (see Ager et al. 2007,
2010; Beverly et al. 2009; Parisien et al. 2007; Parisien and
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Moritz 2009; Suffling et al. 2008) is a primary motivation
of research into use of simulation for risk estimation.
Fireline intensity (energy release per unit length of flame
front) is a principal driver of many important fire effects and
varies greatly between fires and portions of fires. Fireline
intensity (sensu Alexander 1982; Byram 1959) is closely
related to impacts on ecological attributes such as tree
mortality (Hood et al. 2007; Peterson and Ryan 1986) as well
as the controllability of fire (Andrews and Rothermel 1982).
Intensity depends not only on local conditions at the time the
fire occurs (e.g., fuels, wind speed, moisture content), but
also varies greatly with the orientation of the fire front relative to the maximum or heading direction (Catchpole et al.
1982). Thus, the intensity experienced at a particular point on
a complex landscape is dependent on relative location of
ignitions (Kerby et al. 2007; Parisien and Moritz 2009) and
the fire environment up to arrival time. The fireline intensity
distribution at a particular point, even under homogenous
environmental conditions would, thus, display substantial
variability (Catchpole et al. 1992). The simulation system
developed here attempts to account for spatial and temporal
variation in weather, ignitions, and fuels, and generates burn
probability distributions by intensity to permit evaluation of
intensity-dependent effects.

2 Methods
The large-fire simulation system, referred to here as FSim,
consists of modules for weather generation, and for modeling of fire occurrence, fire growth, and fire suppression.
The system is designed to simulate the occurrence and
growth of fires for thousands of years in order to estimate
average burn probabilities and fire size distributions. It was
applied independently to each of 134 Fire Planning Units
(FPUs) throughout the U.S. and the results compared to
historical data from those areas. Each module of this system is described in the following sections.
2.1 Weather (daily, seasonal, and spatial variation)
A practical method was required for obtaining a large sample
of annual weather data which related to the unique climatic
and seasonal patterns of fire occurrence. Given the rarity of
large fires in our modern record, thousands of years of daily
weather scenarios would be required for simulations to
produce moderately stable and repeatable estimates of burn
probability. Average burn probability can be estimated for
each FPU as the total area burned divided by the total area
and number of years, or for each cell as the number of times
burned divided by the number of years. Measured weather
data are available from the numerous catalogued National
Fire Danger Rating System (NFDRS) Remote Automated
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Fig. 1 Map of Fire Planning
Units (FPUs) and Geographic
Areas (GAs) in the continental
U.S.
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Weather Stations (RAWS) located throughout the U.S.
(Zachariasson et al. 2003; http://www.fs.fed.us/raws). These
data typically cover the past one to three decades, which is
coincident with the most recent set of historical fire records
and contemporary fire management policies.
A single representative weather station was chosen
within each of 134 Fire Planning Units (FPUs) in the
continental U.S. (Fig. 1). The requisite weather and environmental variables needed for fire behavior calculations
(Rothermel 1972) consist of a suite of fuel moistures
(percentage of dry weight) for six fuel categories and wind
speed and direction. Moisture content of dead fuels must be
calculated from daily weather records (temperature,
humidity, solar radiation, precipitation) for four fuel timelag classes (1, 10, 100, 1000 h) and for live woody and live
herbaceous components (Fosberg and Deeming 1971;
Deeming et al. 1977, Andrews 1986, Bradshaw et al.
1984). We relied on a simple method of accounting for the
daily and seasonal variability of these separate moisture
contents by combining them based on their collective
influence on the fire danger rating index Energy Release
Component (ERC) of the U.S. National Fire Danger Rating
System (NFDRS). The ERC index represents the amount of
energy released during flaming spread (BTU ft-2 (J m-2)),
and varies only by fuel moisture for a given fuel type. For
each FPU, we used NFDRS fuel model ‘‘G’’ because it
contains parameters for all fuel components and size
classes (1, 10, 100, 1000 h, live herbaceous, and live
woody) (Bradshaw et al. 1984). ERC(G) is, thus, capable of
reflecting the influence of both short and long term variations in fuel moisture caused by precipitation and changes

Southern Area
GA

1,000
Miles

Fig. 2 The average daily value of Energy Release Component index
from the U.S. National Fire Danger Rating System is shown for
weather stations in four fire climate regions of the western U.S. ERC
captures the different trends in amplitude, duration, and timing of
seasonal dead and live fuel moisture trends and was thus used as a
proxy for fuel moisture in the simulation system

in temperature and humidity. It has shown strong correspondence with fire occurrence in many different climate
zones of the U.S. (Andrews et al. 2003) By using
ERC(G) for all FPUs, it becomes a proxy for the influence
of fuel moisture on fire behavior and can reflect daily,
seasonal, and regional variability for different fire climates
of the U.S. (Fig. 2).
The seasonal and annual variability in live and dead
fuel moisture (through ERC(G)) was modeled using
time-series analysis. Time series captures (1) the trend in
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ERC(G) throughout the year, averaged daily over the
period of record, (2) the daily standard deviations, and (3)
the average temporal autocorrelation of the ERC(G) values.
ERC(G) has strong autocorrelation because of the time-lag
of larger woody fuel components (100 and 1000 h time
lag) which characterizes the time-periods required to
asymptotically approach equilibrium in fuel moisture provided steady conditions (Fosberg and Deeming 1971).
These three time-series components were then used to
generate thousands of hypothetical years of daily
ERC(G) trends for each FPU independently as input to the
fire growth modeling.
The time-series modeling is based on a sample of daily
values of ERC(G) (designated as z(t) where t represents
days) from a number of years of historical data (e.g., 10 to
20 years). This analysis assumes that:
1.

2.

3.

There exists an overall seasonal trend f(t) which
remains the same from year to year, which we estimate
with a weighted least squares polynomial model of
z(t). The weights were the inverse of the daily standard
deviations.
Daily standard deviations are estimated assuming
z(t) are normally distributed around the daily means
l(t). Visual inspection of z(t) for the FPUs revealed
symmetric distributions without heavy tails, thus
supported this assumption.
The residuals (z(t)–f(t)) are autocorrelated in time out
to a maximum value of t*, and follow some autocorrelation function q (k) where k is the lag in days.

The autocorrelation function q (k) is used to obtain
coefficients / (for use later in an autoregressive function)
as follows:
/ ¼ P1
t qt

ð1Þ

where
/ ¼ ½/1 ; /2 ; . . .; /t 
qt ¼ ½q1 ; q2 ; . . .; qt 
and the matrix
2
1
q1
6 q1
1
P ¼6
4 ...
...
qt1 qt2

q2
q1
...
qt3

3
. . . qt1
. . . qt2 7
7
... ... 5
...
1

The overall model for estimating autocorrelated time
series values of ERC(G) is then:
zhatðtÞ ¼ f ðtÞ þ /1 ðaðt  1ÞÞ þ /2 ðaðt  2ÞÞ þ   
þ /t ðaðt  tÞÞ þ aðtÞ

ð2Þ

In this expression, a(t) is a white noise process with zero
mean and a variance obtained from Box and Jenkins (1976,
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p. 56) which accounts for the variance explained by the
autoregressive model:
r2 ðtÞ ¼ var ðaðtÞÞ=ð1  q1 /1  q2 /2     qt /t Þ

ð3Þ

For purpose of simulating artificial time series ERC(G)
values, we then simulate a stream of artificial a(t)’s with
var ðad
ðtÞÞ ¼ s2 ðtÞ  ð1  q1 u1  q2 u2     qt ut Þ

ð4Þ

We then apply the filter / and add the seasonal trend as
in Eq. 2. This allows the generation of daily values of
ERC(G) for as many seasons as needed to capture the
variability in moisture conditions (Fig. 3a).
The daily ERC(G) values produced by the time series
modeling for an FPU were translated into values of fuel
moisture content from a look-up table. A look-up table
was constructed for each weather station (each FPU) and
contains the average historical fuel moisture contents for
each ERC(G) percentile range. Because this simulation
system was intended to simulate only large fires,
ERC(G) categories were fixed at the 80th, 90th and 97th
percentiles based on all days in the year. Fire spread was
not simulated for days when ERC(G)dropped below the
80th percentile. Daily fire spread calculations also required
determination of the length of time for which these
moistures apply during the typical afternoon ‘‘burning
period’’ which is the portion of each day where fires are
most active. Fuel moisture is one of the main weathercaused factors delimiting this period of active fire
spread (Chandler et al. 1963; Beverly and Wotton 2007,
Fernandes et al. 2008; Leonard 2009). Typically the
burning period increases in length as fuels become drier
(i.e., fires burn longer with lower fuel moisture). The
actual lengths of these afternoon periods is uncertain, but
for the purposes of simulation, they were fixed at 1, 3, and
5 h for the 80th, 90th, and 97th percentile ERC conditions,
respectively.
Wind variability was characterized as joint probability
distributions of speed and direction during the afternoon
hours for each month of the year (Fig. 3b). Each of the
monthly distributions of wind speed and direction was
sampled at random to produce a 365-day record of these
attributes. This approach assumes that wind probabilities,
considered jointly, are random from day to day within a
given month and uncorrelated with fuel moisture. Wind
direction may be weakly autocorrelated beyond one day,
however (Kalvova and Sobisek 1981).
Each artificial ‘‘year’’ of weather ultimately generated
for fire simulation, therefore, comprised 365 daily values of
ERC(G), wind speed, and wind direction, plus the fuel
moisture values indicated by the ERC(G) time series. Tens
of thousands of years of weather scenarios were then
generated by this method.
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Fig. 3 Examples of weather
data supplied to the simulation
for creating artificial daily fire
weather, a three years of daily
Energy Release Component
values (shown in red, blue, and
purple) relative to the trend
(shown in navy) illustrate the
daily and annual variability in
this danger rating index that
reflects fuel moisture, b joint
probability distributions of
wind speed and direction
displayed as a wind-rose for
example months (April, June,
August, October) for a selected
weather station

2.2 Large fire occurrence
The utility of fire danger indices, such as ERC(G), for
predicting fire activity is often evaluated by means of
logistic regression (Bradstock et al. 2009; Martell et al.
1987; Preisler et al. 2004, 2009). Logistic regression was
used here to develop a probabilistic relationship between
daily ERC(G) and large fire occurrence from the historical
record for each FPU (Andrews et al. 2003). The locally
determined size-limit of a large fire or escaped fire varies by
FPU and is listed in Table 1. The resulting functions indicate that larger fires are less likely than smaller fires for a

given ERC(G) (Fig. 4a). Although there is no exact definition of what constitutes a large fire, these regressions
provide a practical and non-spatial method of stochastically
simulating occurrence of large fires in relation to seasonal
and daily weather variability generated by the time-series
model described in the previous section. Fire occurrence
is, of course, only conditionally dependent upon fuel
moisture, meaning that many other factors such as ignition
sources are also relevant (Brillinger et al. 2006; Preisler
et al. 2004).
Two statistics are used here to characterize large fire
occurrence for each FPU:
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0.0000131 ± 0.0000085

0.0006605 ± 0.000377

Southern Wisconsin 0.0000305 ± 0.0000158

EA_WI_002

0.0000276 ± 0.0000248

Pennsylvania

Northern Wisconsin 0.0000158 ± 0.0000119

EA_PA_001

0.0000081 ± 0.0000042

0.0002034 ± 0.0000198

0.0009603 ± 0.0004336

0.0006375 ± 0.0003926

EA_WI_001

New Jersey

Ohio

Missouri

Northeastern

EA_MO_001

EA_NH_001

EA_NJ_001

Minn. Transition
and Prairie

EA_MN_002

EA_OH_001

0.0000117 ± 0.000005

Minnesota
Woodland

EA_MN_001

0.0000104 ± 0.0000095
0.0000468 ± 0.0000216

UP of Michigan

LP of Michigan

EA_MI_001

0.0000125 ± 0.0000027

EA_MI_002

Illinois

Indiana

EA_IL_001

EA_IN_001

0.0000067 ± 0.000002

Iowa

EA_IA_001

0.0157969 ± 0.0010206
0.0161447 ± 0.004362

Riverside Area

San Diego Area

CA_CA_014

0.0005336 ± 0.0004263
0.0236544 ± 0.0144793

0.0048324 ± 0.0022256

0.0017358 ± 0.0007656

0.0085808 ± 0.0059882

0.003259 ± 0.0015531

0.0026204 ± 0.001442

0.0078 ± 0.0063009
0.0021675 ± 0.0012524

0.0037158 ± 0.0025899

0.0044951 ± 0.0025848

0.0039881 ± 0.0036074

Historical mean burn
probability ± 95% CI

CA_CA_015

Central Coast

The Desert
LA Basin

CA_CA_010

Eastern Sierra

CA_CA_009

CA_CA_011
CA_CA_012

Yosemite Area

Southern Sierra

CA_CA_007

Sacramento Tahoe
Area

CA_CA_006

CA_CA_008

Modoc Plateau

Northern California
West Sacramento
Valley

NE California and
NW Nevada

CA_CA_002

CA_CA_003

Northwest
California

CA_CA_001

CA_CA_004
CA_CA_005

FPU name

FPU code

0.0000554 ± 0.000003

0.0000343 ± 0.0000028

0.0000081 ± 0.0000004

0.0000026 ± 0.0000002

0.0010161 ± 0.0000487

0.0000009 ± 0.0000001

0.0000413 ± 0.0000006

0.0003384 ± 0.0000103

0.0001972 ± 0.0000102

0.0000422 ± 0.0000013

0.0000067 ± 0.0000013

0.0000097 ± 0.0000006

0.0000026 ± 0.0000001

0.0000039 ± 0.0000005

0.0050509 ± 0.0004124

0.0055784 ± 0.0005925

0.0013351 ± 0.0001184
0.0157708 ± 0.001624

0.0059849 ± 0.0004053

0.0069492 ± 0.0010109

0.0058437 ± 0.0006619

0.006552 ± 0.0007415

0.0007804 ± 0.0000913

0.0053958 ± 0.0008837
0.0023432 ± 0.0002277

0.0027183 ± 0.0006497

0.0017147 ± 0.0002084

0.0012709 ± 0.0002478

Simulated mean burn
probability ± 95% CI

a.1

Model
setting

Table 1 List of historical data and simulation results and settings for each FPU in the U.S.

121.4

121.4

121.4

121.4

121.4

121.4
121.4

121.4

121.4

121.4

953,278

121.4
121.4

20.2

20.2

20.2

20.2

20.2
12,568,785 20.2

4,402,642

11,181,134 20.2

11,614,385 20.2

3,251,840

32,550,526 20.2

18,060,904 20.2

13,768,995 20.2

9,229,789

15,733,533 20.2

8,852,960

9,433,670

15,006,403 20.2

14,593,431 20.2

1,852,873

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

10,000

10,000

10,000
10,000

10,000

10,000

10,000

10,000

10,000

10,000
10,000

10,000

10,000

10,000

1381

472

1619

411

7783

1156

909

15,689

30,560

2355

8016

160

486

162

114,603

36,956

25,683
65,871

97,250

3563

61,011

24,131

18,947

50,566
33,734

13,894

27,446

26,653

Minimum
Numbers of
Largest
fire size (ha) simulated years historical fire
(ha)

10,111,254 121.4
562,133
121.4

8,128,856

1,350,211

1,228,430

2,682,432

2,033,138

2,404,391
4,057,635

1,019,699

3,345,890

3,044,575

FPU size
(ha)

1985

1985

1971

1986

1980

1999

1986

1985

1987

1986

1986

1975

2000

1999

1970

1970

1980
1970

1970

1970

1975

1970

1970

1970
1970

1970

1970

1970

Start Year for fire records
(all end in 2008)
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Northern Utah
Uintah Basin

Southeast Utah

GB_UT_003
GB_UT_004

GB_UT_005

0.0074233 ± 0.0061413

NW_OR_001 Northwest Oregon

0.000214 ± 0.0001762

0.0002493 ± 0.0001646

0.0049143 ± 0.0040947

Southwest Montana

North Dakota

NR_MT_010

NR_ND_001

0.002306 ± 0.001138

Miles City

Northwest Montana 0.0057283 ± 0.0047042

NR_MT_008

0.0007355 ± 0.0005361

0.0045686 ± 0.0052154

0.0012624 ± 0.0013924

NR_MT_009

Helena

Lewistown

NR_MT_006

Greater Yellowstone 0.0048011 ± 0.0049424
North

NR_MT_005

NR_MT_007

Rocky Mountain
Front

NR_MT_004

0.016661 ± 0.0186349
0.0011402 ± 0.0010103

Bitterroot

Headwaters

NR_MT_002

0.0031536 ± 0.0025682

0.003584 ± 0.0025785

0.0021493 ± 0.0014983

0.0011275 ± 0.0011855

0.0042088 ± 0.0015682
0.0010734 ± 0.0009745

0.0036558 ± 0.0021262

0.0057372 ± 0.004675

0.0015979 ± 0.0020031

0.0050684 ± 0.005781

0.0025839 ± 0.0025413

0.0030811 ± 0.0021241

0.015514 ± 0.009699

0.0093066 ± 0.0068211

0.0053622 ± 0.0027118

NR_MT_003

Northern Idaho

Billings

NR_ID_001

NR_MT_001

GB_WY_001 Western Wyoming

Central Utah

Color Country

GB_UT_001

GB_UT_002

Eastern Nevada

Southern Nevada

GB_NV_005

GB_NV_006

Western Nevada

Central Nevada

GB_NV_003

GB_NV_004

Northwest Nevada

Northeast Nevada

GB_NV_001

GB_NV_002

Salmon-Challis

Eastern Idaho

GB_ID_003

GB_ID_004

0.0138115 ± 0.0089548

Southwest Idaho

GB_ID_002

0.0001862 ± 0.0000592

West Virginia

South Central Idaho 0.0168961 ± 0.0073105

EA_WV_001

Historical mean burn
probability ± 95% CI

GB_ID_001

FPU name

FPU code

Table 1 continued

0.0000938 ± 0.0000131

0.0004802 ± 0.0000373

0.001944 ± 0.0002541

0.000656 ± 0.0001049

0.0056589 ± 0.0003334

0.0023531 ± 0.0001321

0.0019451 ± 0.00034

0.0070604 ± 0.0011878

0.0006561 ± 0.0000762

0.0012426 ± 0.0001351

0.0012891 ± 0.0001835

0.0041581 ± 0.0002764

0.0007159 ± 0.0000727

0.0004923 ± 0.000086

0.0027556 ± 0.0002698

0.0012525 ± 0.0001223
0.0013279 ± 0.0001897

0.0067069 ± 0.0007515

0.0044444 ± 0.0003307

0.0040559 ± 0.0004185

0.0105937 ± 0.0007885

0.0023735 ± 0.0002888

0.004646 ± 0.0004363

0.0118854 ± 0.0011912

0.0095042 ± 0.0008176

0.0056507 ± 0.0005256

0.0007901 ± 0.0000806

0.003257 ± 0.0003063

0.0140661 ± 0.0011573

0.0002273 ± 0.0000065

Simulated mean burn
probability ± 95% CI

a.2

b, c

b

a.2

a.2

a.2
a.2, b

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

Model
setting

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4
121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

20.2

121.4

121.4

4,345,563

121.4

18,267,785 121.4

2,147,269

3,013,733

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000
10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

50,000

4211

20,902

14,732

28,745

50,972

47,487

32,883

83,852

24,307

18,899

58,721

49,266

41,296

9155

37,990

16,169
17,745

26,510

144,609

17,508

96,380

56,581

19,282

96,544

93,680

83,483

69,690

71,880

89,086

729

Minimum
Numbers of
Largest
fire size (ha) simulated years historical fire
(ha)

10,715,319 121.4

7,726,012

1,322,827

2,390,714

3,738,424

3,419,414

826,137

4,511,036

4,947,075

1,624,091

4,099,055

6,225,245
2,334,769

4,301,595

4,604,133

4,180,225

5,298,752

5,344,074

3,847,624

5,046,494

4,455,326

5,022,005

2,471,316

5,127,989

4,012,371

5,768,232

FPU size
(ha)

1970

1983

1980

1972

1980

1980

1980

1985

1985

1980

1985

1982

1986

1970

1980

1980
1980

1980

1980

1980

1980

1980

1980

1980

1980

1980

1972

1980

1980

1970

Start Year for fire records
(all end in 2008)
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123

123
0.0001466 ± 0.0000454
0.0000307 ± 0.0000052

0.0025574 ± 0.001764
0.0078387 ± 0.0053227
0.0033078 ± 0.0037008

NW_OR_008 Southeast/South
Central Oregon

NW_OR_009 Wallowa-Whitman

NW_OR_010 Malheur

NW_OR_011 Coos Bay/Roseburg 0.0001465 ± 0.0001487

NW_WA_001 Northwest
Washington

0.0045763 ± 0.000365

SW Colorado Public 0.0022443 ± 0.0023198
Lands

RM_CO_003

0.0008043 ± 0.000737

North Front Range

Ute Mtn/Southern
Ute

Mid Plains

RM_CO_007

RM_CO_008

RM_KS_001

0.0000264 ± 0.0000147

0.0021066 ± 0.0016371

0.000155 ± 0.0001135

0.0010843 ± 0.0008621

Upper Colorado
River

RM_CO_006

0.0001542 ± 0.0002257

San Luis Valley

Northwest Colorado 0.0017344 ± 0.0008815

RM_CO_004

RM_CO_005

0.0007892 ± 0.0008883

South Front Range

Montrose

RM_CO_001

RM_CO_002

0.001607 ± 0.0010309

0.0038572 ± 0.0021996

NW_WA_007 Central Cascades

NW_WA_005 The Basin

0.0028738 ± 0.0003101

0.0029217 ± 0.001697

NW_WA_004 Northeast
Washington

0.0000868 ± 0.000013

0.0077655 ± 0.0013641

0.0008399 ± 0.0001155

0.0044481 ± 0.0003482

0.0094215 ± 0.0012064

0.0002504 ± 0.0000695

0.0013684 ± 0.0002533

0.0028862 ± 0.0003581

0.0006041 ± 0.0000564

0.0007729 ± 0.0000907

0.0025808 ± 0.0002569

0.0071849 ± 0.0049112

NW_WA_003 North Central
Washington

0.0000105 ± 0.0000035

0.0000483 ± 0.0000631

0.0024335 ± 0.0002893

0.0013716 ± 0.00012

0.0088531 ± 0.0006589

NW_WA_002 North Washington
Cascades West

0.000023 ± 0.0000244

0.0028616 ± 0.0006216

0.0052551 ± 0.004362

NW_OR_007 Eastern Oregon

0.009262 ± 0.0010214

0.0015083 ± 0.0001864

0.0057245 ± 0.0035728
0.0085836 ± 0.0041644

NW_OR_005 Northeast Oregon

0.0072229 ± 0.0003757

NW_OR_006 Southeast Oregon

0.005408 ± 0.0022306

NW_OR_004 Central Oregon

0.0094688 ± 0.0165114

0.0009867 ± 0.000227

Simulated mean burn
probability ± 95% CI

NW_OR_003 Southwest Oregon

Historical mean burn
probability ± 95% CI

0.0005686 ± 0.0001403

FPU name

NW_OR_002 Central Coast Range 0.0071257 ± 0.0096832
& Cascades

FPU code

Table 1 continued

a.2

a.2

b

a.2

Model
setting

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

20.2

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

2429

6662

4291

6905

10,277

3763

29,604

12,264

55,773

18,948

66,350

14,889

70,896

1479

445

6680

9987

32,105

32,611

56,826

32,354

44,292

47,866

202,407

19,465

Minimum
Numbers of
Largest
fire size (ha) simulated years historical fire
(ha)

26,252,354 121.4

471,131

5,630,086

2,573,380

3,326,363

1,964,942

1,564,741

2,281,809

9,409,152

2,947,313

4,648,562

2,296,609

3,061,051

2,864,457

2,757,793

1,465,870

780,713

1,695,471

3,965,211

2,383,205

3,070,624

2,319,261

3,606,772

1,594,992

418,704

FPU size
(ha)

1999

1980

1972

1970

1980

1986

1970

1970

1970

1980

1981

1983

1985

1986

1972

1980

1970

1970

1980

1970

1980

1986

1980

1980

1986

Start Year for fire records
(all end in 2008)
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0.0002625 ± 0.0001834

Mississippi

North Carolina
Piedmont

North Carolina
Coast

Choctaw
OCM

Creek/Seminole

Western Oklahoma

SA_MS_002

SA_NC_001

SA_NC_002

SA_OK_001
SA_OK_002

SA_OK_003

SA_OK_005

Del_Mar_Va

SE Mississippi

SA_MD_001

SA_MS_001

Louisiana Delta

North/Central
Louisiana

SA_LA_001

Tennessee-Green
Rivers

SA_KY_003

SA_LA_003

Central Georgia

Cumberland

SA_GA_001

SA_KY_001

Central Florida

Florida Big Bend

SA_FL_003

South Florida
SEGA_NEFL

SA_FL_001
SA_FL_002

SA_FL_004

Eastern Arkansas

Southern Ozarks

SA_AR_001

SA_AR_002

Big Horn Basin

Alabama/Florida
Panhandle

RM_WY_003

SA_AL_001

Eastern

Central Wyoming

RM_SD_003

RM_WY_002

0.0017615 ± 0.0012802

Prairie

RM_SD_002

0.0004765 ± 0.000379

0.0003619 ± 0.0002158

0.0032954 ± 0.0036272

0.0018989 ± 0.0011108
0.0020097 ± 0.0006872

0.000486 ± 0.0004186

0.0002387 ± 0.0000371

0.0005501 ± 0.0001093

0.0006561 ± 0.0002991

0.0001823 ± 0.0000935

0.0004043 ± 0.0001727

0.0002386 ± 0.0000579

0.0001324 ± 0.0000408

0.0011226 ± 0.0009276

0.0000899 ± 0.0000111

0.0010654 ± 0.0006421

0.0027665 ± 0.0020871

0.0065015 ± 0.0033894
0.0069037 ± 0.0070566

0.0002439 ± 0.0001736

0.0000098 ± 0.0000123

0.0001046 ± 0.0000503

0.0021014 ± 0.0014603

0.0010045 ± 0.0006735

0.0032311 ± 0.0023292

Nebraska

Black Hills

RM_NE_001

Historical mean burn
probability ± 95% CI

RM_SD_001

FPU name

FPU code
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0.0022261 ± 0.0000923

0.0012187 ± 0.0000855

0.0009609 ± 0.0000373
0.005599 ± 0.0002822

0.0003138 ± 0.0000154

0.0001832 ± 0.0000067

0.0000175 ± 0.0000005

0.0002005 ± 0.0000079

0.0000316 ± 0.0000026

0.0002882 ± 0.0000055

0.00053 ± 0.0000053

0.0000119 ± 0.0000004

0.000034 ± 0.000001

0.0007612 ± 0.0000158

0.0005858 ± 0.0000232

0.0011406 ± 0.0000392

0.0084658 ± 0.0000802
0.0007246 ± 0.0000256

0.0000222 ± 0.0000008

0.0000217 ± 0.0000024

0.0000672 ± 0.0000042

0.0037267 ± 0.0003061

0.0061858 ± 0.000643

0.0007211 ± 0.0000629

0.0030156 ± 0.0002377

0.0028771 ± 0.0002384

0.0008058 ± 0.0000718

Simulated mean burn
probability ± 95% CI

2,129,995
121.4

a.6

d.2

a.2

121.4

121.4

121.4

121.4

121.4
121.4

121.4

121.4

20.2

121.4

121.4

20.2

7,870,282

1,546,764

4,811,205
2,299,998

5,942,612

5,440,469

121.4

121.4

121.4
121.4

121.4

20.2

10,702,465 20.2

3,569,946

5,402,131

8,649,808

4,742,200

12,862,521 20.2

5,982,477

10,368,732 20.2

5,263,084

4,173,239

5,227,742
2,806,706

7,532,964

4,815,567

12,913,663 121.4

6,005,808

a.3, d.1 15,345,773 121.4

a.4, d.1 9,521,343

121.4

121.4

50,000

50,000

50,000
50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000
50,000

50,000

50,000

50,000

10,000

10,000

10,000

10,000

10,000

10,000

7221

7004

7773
3239

16,623

815

2109

2146

1977

5213

486

842

3293

836

23,158

24,899

70,040
178,828

4049

314

1345

55,494

21,834

2834

14,170

34,325

30,162

Minimum
Numbers of
Largest
fire size (ha) simulated years historical fire
(ha)

14,634,211 121.4

FPU size
(ha)

a.3, d.1 9,294,075

a.2

Model
setting

1996

2000

1974
1986

1970

1971

1974

1974

1990

1986

1991

1970

1970

1970

1980

1975

1978
1980

1974

1999

1974

1970

1970

1985

1982

1970

1985

Start Year for fire records
(all end in 2008)
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Northern
Appalachian
Southeast Arizona

West Central
Arizona

SA_VA_001

SW_AZ_002

0.0030433 ± 0.0014247

Colo. Plateau New
Mexico/Arizona

SW_NM_007

0.0005544 ± 0.0002058

0.0003927 ± 0.0006747

Northwest New
Mexico Plateau

SW_NM_006

0.0093115 ± 0.0035201

Gila

Central New Mexico 0.0009041 ± 0.0005703

SW_NM_004

0.0010173 ± 0.0007752

SW_NM_005

Pecos Plains

Southern New
Mexico Desert

SW_NM_002

SW_NM_003

Northern New
0.0029515 ± 0.0022362
Mexico Mountains

SW_NM_001

0.0055006 ± 0.0038573
0.0100028 ± 0.0097473

Arizona Strip

Central Arizona

SW_AZ_005

0.0007799 ± 0.0005875

0.0058064 ± 0.0077368

0.0017837 ± 0.0019392

0.0028842 ± 0.0012323

0.0005733 ± 0.0003485

0.0008234 ± 0.0009608

0.0004864 ± 0.0003695

0.0021256 ± 0.0004419

0.0003524 ± 0.0003565

0.0006717 ± 0.0007071

0.0005357 ± 0.0006101

0.000373 ± 0.0002237

0.0001655 ± 0.000061

Historical mean burn
probability ± 95% CI

SW_AZ_006

White Mountains

Lower Colorado
River

SW_AZ_003

SW_AZ_004

SW_AZ_001

South Texas Coast

Lower Rio Grande
Valley

SA_TX_005

SE Louisiana/NE
Texas Coast

SA_TX_004

SA_TX_006

Texas Hill Country

Northeast Texas

SA_TX_001

Southeast Texas

Southern
Appalachian

SA_TN_001

SA_TX_002

S.Carolina/
Savannah Coastal

SA_SC_001

SA_TX_003

FPU name

FPU code
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0.0019856 ± 0.0001534

0.0004762 ± 0.0001234

0.0011766 ± 0.0001314

0.0117954 ± 0.0009449

0.0064218 ± 0.0006752

0.0026458 ± 0.000187

0.0032596 ± 0.0003434

0.0040719 ± 0.0003972

0.0061936 ± 0.0005943

0.0038348 ± 0.0005432

0.0069847 ± 0.0006828

0.0035866 ± 0.0003416

0.0056233 ± 0.0004655

0.0000866 ± 0.0000026

0.0016615 ± 0.0000695

0.0004745 ± 0.0000213

0.0006477 ± 0.0000049

0.0000415 ± 0.0000021

0.0021376 ± 0.0000611

0.0012057 ± 0.0000731

0.0000227 ± 0.0000007

0.0001128 ± 0.000005

Simulated mean burn
probability ± 95% CI

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.2

a.6

Model
setting

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

121.4

11,354,648 121.4

1,022,270

4,561,860

2,151,226

4,328,987

8,398,034

3,311,998

1,854,172

1,955,302

2,702,075

2,691,774

4,460,565

7,832,839

10,728,232 121.4

3,577,563

2,920,883

4,238,808

5,698,827

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

10,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

50,000

6971

6217

8988

31,174

7692

37,405

37,326

100,530

23,737

10,526

189,823

23,699

33,377

6486

26,316

4050

5425

6423

27,328

16,599

4097

1491

Minimum
Numbers of
Largest
fire size (ha) simulated years historical fire
(ha)

21,951,503 121.4

4,291,825

6,638,978

9,526,198

FPU size
(ha)

1970

1980

1970

1986

1980

1974

1975

1983

1970

1980

1981

1980

1980

1970

1996

1996

1996

1970

1999

1970

1970

1970

Start Year for fire records
(all end in 2008)
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Southern Great
Plains

Southwest Texas

SW_TX_002

SW_TX_004

0.0013128 ± 0.0017231

0.0025262 ± 0.0031109

Historical mean burn
probability ± 95% CI

0.0030436 ± 0.0002611

0.0083413 ± 0.0005894

Simulated mean burn
probability ± 95% CI

202.4 ha (500 acres)
404.7 ha (1000 acres)

2

108 by 0.1

6

1

102, 121, and 122 by 0.5

5

Add gusts to fire risk and distribution calculations
Increase minimum fire size to:

102, 104, and 122 by 0.25

c
d

102 and 122 by 0.25

4

Weather station change

102 and 122 by 0.5

3

b

103, 105, 123, and 142 by 0.5

14,709,893 121.4

10,000

10,000
89,069

194,149

Minimum
Numbers of
Largest
fire size (ha) simulated years historical fire
(ha)

20,118,402 121.4

FPU size
(ha)

2

a.5.

Model
setting

1

Rate of spread reduction in fuel model(s):

a

Key for model settings

Italicized blocks delineate FPUs belonging to Geographic Areas as shown in (Fig. 1)

FPU name

FPU code

Table 1 continued

1982

1971

Start Year for fire records
(all end in 2008)
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(1)

(2)

The probability of at least one large fire start
occurring on a particular day as predicted by
ERC(G) through logistic regression (Fig. 4a), and
The probability of different numbers of simultaneous
large fire starts occurring per day for each FPU
(Fig. 4b).

Large fire start locations were determined randomly
within FPUs. This simplest assumption was made in the
absence of a ready and practical national-scale alternative
to derivations from historical large-fire start locations. This
simulation system concerns only large fires and spatial
refinements will depend on resolution of whether (1) large
fire start locations differ from the population of all ignitions
as indicated by Dickson et al. (2006) and Syphard et al.
(2008), and (2) if large fire locations are independent over
time and space. This last factor is critical because large
fires are distinguished by their ability to spread, and the
recurrence of future large fires may be diminished by
proximity to earlier large fires until fuel conditions recover
(Rollins et al. 2001; Collins et al. 2007). This would mean
that historic large fire occurrence locations may only be
generalizable as probability density functions for use in
risk assessment at very coarse resolutions.
Fig. 4 Example data required to model large fire occurrence in each
FPU include a logistic regression predicting the probability of at least
one large fire start as a function of ERC, and b empirical distribution
function of numbers of daily large fire starts occurring simultaneously. These data reflect the rarity of simultaneous large fire
occurrence, with only one observation in each category of 7, 8, 10, 11,
14, 16, 18 large fire occurrences in a single day

Fig. 5 National U.S. map
showing surface fuel models
(Scott and Burgan 2005) at
30 m resolution as contained
in the LANDFIRE data set
(http://www.landfire.gov). All
simulations were performed
after resampling data to 270 m

123

2.3 Fuels and topography
Spatial information on fuels and topography was obtained at
30 m resolution from the LANDFIRE project (http://www.
landfire.gov). Data layers include descriptions of surface
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containment related to time periods of high and low fire
area growth (relative to the average daily area change).
Containment was more likely (1) during periods of slow
growth, similar to the findings of Flowers et al. (1983) and
Podur and Martell (2007), (2) with increasing fire duration,
and (3) in non-timber fuels (Fig. 6). This suppression
model was used to generate a sequence of containment
probabilities associated with intervals of daily fire growth
rates that then stochastically terminated fire growth. The
fire suppression algorithm limits the sizes of most fires,
especially fires that start early in the season; fires that
started near the end of the active season are influenced to a
lesser degree by suppression and are more apt to be
extinguished due to a number of consecutive days of low
ERC(G). Without the containment probability model, fires
simulated by this system would continue to grow until the
end of the year if weather conditions were favorable.
2.5 Fire growth and behavior

Fig. 6 Statistical model of large fire containment for fires burning in
a grass and shrub fuel types and b in timber fuels (from Finney et al.
2009). NPI number of previous intervals

fuels (Scott and Burgan 2005) and canopy fuels in formats
required by fire growth simulation software (Finney 1998,
2006). There were 134 FPUs in the continental U.S. which
varied from 418,704 ha to 32,550,526 ha in area (Fig. 1,
Table 1). Data from LANDFIRE are originally produced at
30 m resolution (Fig. 5) but all data were resampled to
270 m to achieve practical simulation times. For purposes
of simulation, the national dataset was clipped to the spatial
extent of each FPU plus a buffer area of 15 km around all
external borders. This buffer area was intended to minimize
edge-effects on spatial fire simulations caused by fires
starting outside the designated FPU. All buffers were
removed prior to analyses of simulation outputs.
2.4 Large-fire suppression
The effectiveness of fire suppression on large fire patterns
remains poorly understood but cannot be ignored given the
huge annual effort and expenditures on large wildland fires
(Calkin et al. 2005; Gebert et al. 2007; Liang et al. 2008).
The influence of modern fire management policy is represented in this system by means of a statistical model of
containment. The model relied on large-fire records from
2000 to 2005 (Finney et al. 2009) to yield a probability of

Large fire starts were modeled stochastically using the
daily ERC(G) values generated by the time series analysis
(Fig. 3a) and the relationship between ERC(G) and probability of fire occurrence (Fig. 4a). The simulation process
begins with the start of the calendar year, day-by-day,
determining whether one or more large fires start on each
given day, and then simulating growth of fires that occur.
The locations of large fires are assumed to be random, but
if data were available and indicated otherwise, the spatial
pattern of ignitions could be adjusted accordingly. Each fire
initiated on a given date was grown from its ignition point
using the sequence of daily values of fuel moisture and
wind speed from the synthetic weather stream for the
corresponding calendar period. The duration of fire growth
was determined only by the weather sequence following
the day of ignition and by the suppression model (i.e., fire
duration was not set a priori). This contrasts with methods
for modeling burn probability which rely on parameterization of the burn duration based on historical fire data
(e.g., Parisien et al. 2005; Parisien and Moritz 2009; Ager
et al. 2007; Braun et al. 2010).
For each fire, a minimum travel time (MTT) algorithm
performs fire growth by searching for the shortest fire
travel times among nodes of a regular lattice overlain
across a landscape (Finney 2002). This method minimizes
distortion to fire shapes that results from cellular automata
or gridded contagion algorithms (Ball and Guertin 1992;
Peterson et al. 2009). The original MTT algorithm was
enhanced to permit time-varying burning conditions and
include spotting from torching trees (Albini 1979). It calculates fire behavior (e.g., fireline intensity) at each ‘‘node’’
or cell corner of a gridded landscape, which is necessary
for determining fire effects. Fireline intensity varies
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considerably for each node based upon (1) the different
weather conditions occurring at the time the fire burns each
pixel, and (2) the direction the fire encounters a pixel relative to the major direction of spread (i.e., heading,
flanking, or backing fire).
To make the fire growth simulation efficient, fire
behavior for the entire landscape was pre-processed for all
combinations of moisture (three percentile categories: 80th,
90th, and 97th ERC(G) percentiles) and wind speeds and
directions for each month described above. For example,
the total number of fire behavior conditions for 3
ERC(G) percentiles, 5 wind speeds, and 8 wind directions
would be 150 (plus three scenarios for calm wind). These
fire behavior calculations (Finney 1998, 2006) yield the
spread and intensity of surface fire (Rothermel 1972),
crown fire (Rothermel 1991; Van Wagner 1977), and
spotting distances from torching trees (Albini 1979). Preprocessing of fire behavior improved the efficiency of the
system because the calculations could be parallelized and
the results stored for repeated access by the fire growth
algorithm for all of the many fires simulated in the
ensemble. To further enhance efficiency, only the data
essential for determining fire growth and intensity for each
fire weather scenario were stored. These include the
elliptical fire dimensions (Finney 2002), direction of
maximum spread, maximum fire line intensity (Byram
1959), and maximum spotting distance and direction.
The ensemble simulation system was developed for
shared-memory computers and parallelized with multithreading among the independent Monte Carlo simulation
years. Computers used for the simulations contained 16 or
32 processors with 32–64 GB of shared memory. Computing times were dependent on the number of years in the
simulations (set at 10,000 or 50,000 for all FPUs), the
resolution of the spatial data (270 m), and the sizes of
the fires that developed.
The output variables stored from each run included (1)
the burn probability at each 270 m cell as determined by
counting the number of times each cell burned and dividing
by the total number of simulation years, (2) the size distribution of all fires in each FPU, and (3) the conditional
probability distribution of flame length for each 270 m cell.
Flame length (m) is an empirical transformation of fireline
intensity based on Byram’s (1959) equation and is more
interpretable than units of kW m-1. Burn probability outputs were also summarized as averages for each FPU.
2.6 Comparison with historical fire records
Observational data were obtained from both federal and
non-federal fire-occurrence reporting systems as described
by Brown et al. (2002) and Schmidt et al. (2002). Federal
fire records were drawn from the USDA Forest Service Fire
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Statistics (FIRESTAT) system via the National Interagency
Fire Management Integrated Database (NIFMID), from the
USDI Wildland Fire Management Information (WFMI)
database, and from the Fish and Wildlife Service Fire
Management Information System (FMIS). Non-federal fire
records were drawn from the National Association of State
Foresters (NASF) fire records database and the National
Fire Incident Reporting System (NFIRS). The spatial and
temporal coverage and information content of records
within the non-federal fire reporting systems varied by state
(see Schmidt et al. 2002), and, when possible, missing data
were acquired from state fire-management offices. The
resulting dataset compiled for this analysis included fire
records from circa 1970 through 2008, but originating
years varied by FPU (Table 1). This time span corresponds
well to the weather station data obtained used for fire
simulations.
Fire occurrence records are prone to inconsistencies
between jurisdictions (Schmidt et al. 2002) because of the
differing requirements for reporting, accessing, and
recording specific attributes such as ignition location and
details such as sizes and duration. To be included in this
analysis, a fire record had to include a point location at
least as precise as the centroid for the Public Land Survey
System (PLSS) section in which the fire occurred, the date
on which the fire was discovered, and the final fire size.
Viable records were then screened for obvious geospatial
and information errors (e.g., nonvalid dates). When sources of geospatial errors could be identified (i.e., improper
formatting of coordinates, incorrect spatial reference provided), the location information was corrected and those
records salvaged. Redundant records, which are present
within individual reporting systems and further generated
via compilation of data from multiple systems (Schmidt
et al. 2002) were painstakingly identified and removed.
Information and geospatial errors and redundant data may
persist, of course, but errors of omission, especially for
smaller non-federal fires, are much more probable and
cannot be known. The largest fires (ca. [ 2000 ha), which
collectively can account for more than 95% of the total
area burned on an annual basis (Strauss et al. 1989), tend
to be multi-jurisdictional incidents and are the most likely
to be included in the compiled database, even with missing non-federal records, as long as the federal record is
complete. Based on trends indicated by Brown et al.
(2002) and guidance from the national Fire Program
Analysis (FPA) system, we determined that the federal
record could be considered complete only for the period
1992–2008. Thus, while the resulting national dataset still
may be incomplete, it should afford reasonable estimates
of annual area burned from 1992 through 2008 due to the
high probability that records of the largest fires are
included.
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Two metrics for comparing the simulations with observations were (1) average burn probability for each FPU,
and (2) the fire size frequency distributions for each Geographic Area (or GA, a regional collection of FPUs)
(Fig. 1). This aggregation of historical fires across the
larger domain of the GA was necessary because of the
paucity of large fires at finer scales. GAs were originally
delineated as administrative units for organizing fire suppression activities (http://gacc.nifc.gov) but are not
homogenous in terms of fire activity or climate. Two pairs
of GAs (Northern and Southern California, and the Eastern
and Western Great Basin) were combined for the analysis
for a total of 8 GAs in the continental U.S. Average annual
burn probabilities were calculated for each FPU by adding
all area burned from 1992 through 2008 and dividing by
the total area in each FPU and the 17 years of record. The
average burn probabilities calculated this way correspond
to the Natural Fire Rotation concept of (Heinselman 1973)
which assumes a stationary climate, spatially uniform
ignition and burning conditions, and constant level of
suppression activity. The assumed stability is impossible to
verify, but given the dearth of other sources of information,
the historical averages of burn probability derived were
deemed satisfactory for comparisons with the results of our
simulation.
To ensure that our modeled burn probability has
parameters consistent with observed historical records, we
employ the method of bootstrapping (Efron and Tibshirani
1986) to form confidence intervals around both the modeled burn probability and the historical burn probability.
Our bootstrapped resampled datasets yielded estimates of
the mean area burned. The standard deviation of those
resampled estimates produces the standard error of the
estimated area burned. We then divide the mean area
burned, and the upper and lower bounds of the estimated
mean by the area of each FPU to obtain the confidence
intervals of the historical and modeled burn probabilities
(Table 1).
Fire size distributions were compiled from the simulation data for each FPU and plotted on logarithmic axes
along with the historical distribution of fires combined
from all FPUs in each GA. The slope of each log-transformed distribution was obtained by robust regression
using Kendall’s Tau statistic (Sen 1968) which does not
assume normality of the residuals. We used the median
frequency in each size category as the dependent variable
instead of the actual frequencies which are sparse for the
larger fire sizes. Both historical and simulated fire size
distributions contained zero observations in some of the
largest size categories because such fires are so rare and
estimates based on the necessarily small sample sizes of
fires in the largest classes are relatively error-prone. The
sample size limitation also produces an identical number of
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fires (often 1 or 2) in size classes in range of the largest
fires. The 95% confidence intervals for the slope coefficients were estimated for evaluating the comparability of
slopes.

3 Results
Simulation time for FSim to be completed for each FPU
varied from about 4 h to about 24 h depending on the size
of the FPU and the number of years specified for the
simulations (Table 1). This was considered a practical level
of performance given that the continental U.S. consisted of
134 FPUs.
Both the historical data and model output indicate that
burn probabilities averaged by FPU were substantially
higher in the western U.S. than the rest of the country
(Fig. 7a). This is primarily a result of the lower fuel
moistures and much larger fires possible in the vast wildland areas of the west. The average burn probability from
each FPU spanned four orders of magnitude (1 9 10-5–
1 9 10-2, Fig. 7, Table 1) with a high degree of association between the modeled and historical burn probabilities.
The smaller sample sizes for historical burn probabilities
contributed to much wider confidence intervals than for
modeled probabilities (Fig. 7c). While of value, the FPUlevel summaries obscure the underlying finer-scale probability structure (Fig. 7b) that better reflects local vegetation
and fuel distribution including developed areas that are
mapped as having no flammable vegetation (Fig. 5).
Detailed examination by Geographic Area of simulated
burn probabilities at the original resolution of 270 m
revealed some localized values as low as 1 9 10-6
(Fig. 8Aa–Ha). Simulated burn probabilities compared
reasonably with historical data for most FPUs (Fig. 8Ab–
Hb). Discrepancies in burn probabilities within the Rocky
Mountain GA (Fig. 8Fb) and the Southwest GA (Fig. 8Hb)
showed a tendency for simulated probabilities to be higher
than those estimated from historical data.
Observed and simulated fire size distributions for FPUs
in each Geographic Area were all found to have nearly
linear negative slopes when plotted on logarithmic axes
(Fig. 8Ac, d–Hc, d). Of the two parameters that characterize frequency-magnitude distributions, the slope captures the relative frequency of fires of different sizes, while
the intercept changes with respect to the total number of
fires. In this case, the slope is the parameter of interest,
since it characterizes the distribution of large and small
fires in each FPU and GA. The slope of historical fire size
distributions was between about -1.4 and -1.6 for all
GAs, considering the 95% confidence intervals. Some
FPUs displayed obvious differences compared to the historical distribution for the GA, particularly in the Southeast
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b Fig. 7 Results of simulated burn probabilities a compared spatially

to historical burn probabilities for the continental United States by
FPU, b displayed at native 270 m resolution, and c compared to
historical probabilities with 95% confidence intervals

(Fig. 8Gc, d) and the Northeast (Fig. 8Bc, d). Others GAs
were more consistent, for example California GA
(Fig. 8Ac, d), the Northwest GA (Fig. 8Ec, d) and the
Rocky Mountain GA (Fig. 8Fc, d). Expectedly, the numbers of fires for each GA based on the 20-30 year historical record were much lower than those based on 10,000
to 50,000 simulation years, causing the historical data
curve to plot below the data from each FPU. Exceptions
include a few FPUs in coastal areas in the Pacific Northwest GA (Fig. 8Ec) and in the heavily agricultural FPUs in
the Rocky Mountain GA (Fig. 8Fc). However, the maximum simulated sizes were much larger than the maxima
from historical records, some of which could be a product
of rare sequences of fire weather and ignition locations that
have not been observed.
The agreement between simulated and observed fire size
distributions was partly a function of the fire containment
model (Fig. 9). Containment probabilities had the effect of
reducing the sizes of fires by censoring growth after quiescent periods (Fig. 9c–f). This caused a greater fraction of
fires to be of smaller sizes and increases the slope of the fire
size distribution.
Fire behavior variability was expressed in terms of
conditional probabilities of flame length (Byram 1959) in
0.66 m categories for each 270 m cell (Fig. 10). The conditional probabilities from all six categories sum to 1.0 and
can be multiplied by the actual burn probability to produce
absolute probabilities. The national maps (Fig. 10) suggest
that low flame length potential dominates eastern forests
whereas high flame length potential is far more common in
the western U.S.

4 Discussion
The spatial simulation of wildfire burn probabilities for an
area the size of the continental U.S. has not been previously
attempted. As demonstrated here, however, it is becoming
practical from both the standpoint of computing requirements, data availability, and modeling components. This
effort was driven by the practical desire for a modeling
process for large-scale risk assessment, but the results also
offer the opportunity to investigate fire patterns and their
causes over large spatial domains. For operational purposes, model estimates of burn probability had to be
accurate enough to warrant confidence and be robust to the
range in quality and quantity of standardized sources of
input data routinely available. Only a limited set of metrics
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were available to make comparisons of the model results,
and these included the historical burn probabilities summarized by FPU and the fire size distributions.
With a few adjustments (Table 1), the system was
capable of generating output that corresponded well to the
patterns and trends evident from historical fire records. An
important limitation to model evaluation for such a large
and heterogeneous land area such as the continental U.S. is
the reliability, consistency, and time-span of historical fire
records, as well as the annual variability in fire activity
expressed by the confidence intervals (Table 1). Our static
approach to the simulation of probabilistic risk assumes
that the extant landscape structure and climatology can be
used to approximate patterns of fire occurrence for a span
of decades during which human land usage and fire management policies were in some degree of flux. So it is
interesting that conditions which contributed to the historic
fires (ignition sources, land cover types and fire spread
patterns) appear to be generalizable beyond that time period and specific landscape pattern. Cui and Perera (2008)
imply that the variability in ignition, land use, and suppression should influence actual fire size distributions. This
contradiction might be partly explained by the extreme
nature of weather and fuel conditions that drive the large
fires; dry and windy conditions overwhelm the sensitivity
of fire behavior to fine scale departures from model
assumptions experienced under moderate conditions. This
is also probably an artifact of modern wildland fire policies
which ‘‘allow’’ fire spread only when the capability to
suppress them is exceeded. Suppression actions select for
the fastest fires under the most extreme conditions and
ultimately limit growth to shorter time periods than would
occur because of weather or fuel limitations.
The most common adjustment applied to the simulation
was alteration of the fire spread rate for two primary grass
and shrub fuel types in a minority of the FPUs (Table 1). A
few fuel types, mapped by LANDFIRE, were found to
produce excessive spread rates and fire sizes. The limited
need for these adjustments or calibrations among FPUs
suggests that the root issues are fuel-specific or regionspecific, or otherwise these calibrations would be required
for a majority of the U.S. Whether these adjustments were
required to compensate for the aggregated spatial resolution (270 m grid cells) or temporal resolution (daily
weather) is not known. However, both are well understood
to affect models of fire growth and fire regimes. For
example, fire growth modeling has been reported to overpredict when input weather lacked high-frequency variability (Anderson et al. 2007). The use of weather data
from a single station in each FPU may contribute to disparity between observed and predicted burn probabilities.
Regarding spatial inputs to the simulation, the spatial scale
and patterns of fuel, topographic features, and roads can
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influence fire growth and fire frequency (Gonzalez et al.
2007; Jones et al. 2004; Jordan et al. 2008; Kellogg et al.
2008; King et al. 2008; Viedma et al. 2009; Yang et al.
2008), as well as ignition (Massada et al. 2009; Krawchuk
et al. 2006; Braun et al. 2010). Sensitivity analysis of input
data resolution and spatial re-sampling algorithms would
likely be helpful in determining the relative influence of
spatial data and weather influences on modeled fire growth
and burn probabilities (Salvador et al. 2001).
The range of modeled and historical burn probabilities
estimated here is generally consistent with those from other
North American studies. Martell and Sun (2008) reported
historical burn probabilities for the years 1976–1994 in
Ontario, Canada, that varied from 1 9 10-6 to about
1 9 10-2, which is almost identical to the range in our
findings. Our estimates of average burn probability for the
western Geographic Areas were in similar ranges as those
for the past century reported by U.S. eco-region
(2 9 10-4–7 9 10-3, Littell et al. 2009). National patterns
of burn probability indicated here were remarkably similar
to those generated from a multivariate statistical model that
used both climate and vegetation variables (Parisien and
Moritz 2009).
The variability of fire behavior produced by the simulation (Fig. 10) is essential to determining fire effects in an
actuarial risk framework (Calkin et al. 2010). Different
ecological resources, for example, have different responses
across the range of fireline intensity levels. Thus, the
simulated fire line distributions at each cell can be used to
estimate expected impact (or percentiles) for different
ecological resources (Calkin et al. 2010). Expected impacts
can be summarized for each 270 m cell (as displayed in
Fig. 10) or, using the intensity ‘‘footprints’’ of each fire,
evaluated on a fire-by-fire basis to produce cumulative
effects or annual variability in risk within arbitrary land
areas or ownerships. Although not simulated here, the
system allows for the assessment of effects of management
activities on burn probabilities and fire behavior characteristics. By simulating the spread of fires in relation to
certain patterns of fuel types under various weather conditions, the consequences of fuel or vegetation management activities, both onsite and ‘‘downstream’’ or offsite
can be evaluated (Ager et al. 2007, 2010; Beverly et al.
2009; Collins et al. 2010; Parisien et al. 2005; Graham
et al. 2009; Stephens et al. 2009).
The close correspondence between simulated and
observed fire size distributions was similar to that reported
by Moritz et al. (2005), but probably for different reasons.
Both models used weather for simulations but temporal
fuel dynamics were specifically modeled by Moritz et al.
(2005) and not here. In both cases, fire sizes from the
simulation were not simple transformations of the inputs
because none directly controlled fire size or duration of
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Fig. 8 Detailed comparison of burn probabilities and fire size c
distributions by geographic area. Panel a shows for each geographic
area the burn probabilities from each FPU at 270 m resolution. Panel
b shows observed and simulated average burn probabilities with their
95% confidence intervals and the line of perfect agreement. Panel
c contains the logarithmic plots of the fire size distributions; the
legend displays the symbol for each FPU, and in panel d the slope and
confidence interval for each distribution in comparison to the CI (red
lines) for the historical distribution aggregated from fires in the entire
geographic area

burning. This result, therefore, suggests that the spatial and
temporal variability provided to the fire growth model
produce joint distributions of fire growth potential that limit
fire sizes in a manner similar to natural controls. Specifically
the results imply that the distribution of spatial and temporal
opportunity for fire growth is what governs the observed
power-law distribution of fire sizes (Malamud et al. 1998).
In our simulations, these opportunities resulted from the
combination of (1) fire weather sequences subsequent to the
ignitions as generated by the time-series method, (2) ignition location relative to the spatial fuels/topography patterns, and (3) the statistical probability of successful
containment. This interpretation is generally what was
proposed by Reed and McKelvey (2002) who argued that
competing probabilities of extinguishment and growth
could be responsible for the distributions of fire sizes—but
not the observed power-law behavior. Our analysis from
across the U.S. was consistently supportive of power-law
fire size distributions for both historical data and simulated
results over the range of fire sizes. The mechanics of this
simulation, however, does not allow for the spatial interference of burned patches and areas of available fuel
(self-organized criticality or SOC) (Bak et al. 1988, 1990;
Malamud et al. 1998; Moritz et al. 2005) because the fuel
layers are not updated yearly to reflect burning. This finding
is consistent with the idea that a number of different
mechanisms may be responsible for the observed power-law
behavior besides SOC (Millington et al. 2006; Tebbens and
Burroughs 2005). Consistent with the conclusion of Boer
et al. (2008), our simulation system suggests that weather
sequences exert strong influence over the opportunities for
fire growth. Certainly, the extant spatial fuel and topography
patterns affected fire sizes and frequencies in our simulation
system, just as in nature (Falk et al. 2007; Rollins et al.
2001), but interference among fires (Collins et al. 2007;
Moritz et al. 2005) was effectively excluded from our model
given that recent fires did not affect the static fuel conditions
used for each simulated year. If interference of fire patterns
frequently limited the extent of historic fires (van Wagtendonk 1995; Collins et al. 2007), and if we were to account
for this phenomenon in our model, then we could see
modeled fire-size distributions with steeper slopes than
currently produced by the simulations.
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Fig. 9 Effects of the statistical fire containment model are demonstrated as a map of the net difference in modeled burn probabilities
for California with and without large fire suppression (positive values
signify higher burn probabilities without suppression), b historic vs.
simulated average FPU burn probabilities for California and selected

FPUs, and c–e fire size distributions with and without implementing
the suppression model compared to historic records for FPUs in
California (c, d), New Hampshire (e) and Montana (f). Historic fire
size distribution is shown in black, standard run in blue, and nosuppression run in red

The slopes of the simulated fire size distributions generally corresponded with the historical data and followed
the trends suggested by Malamud et al. (2005), in which
northeastern and southeastern areas of the U.S. have steeper slopes than the west. Clearly, however, the rarest of the
simulated large fires are much larger than have yet been
observed. There are several possible reasons for this, and
they are difficult to disentangle. First, fire sizes depend on
both the spatial continuity of fuels and the temporal
opportunity for spread, and these two factors can jointly
produce statistically rare conditions under which fires can
grow beyond historical maxima. The very long
10,000–50,000 year simulation period is expected to generate rare events that have not been seen in the relatively
short historical period of record (Cui and Perera 2008)
because large fires are very rare. Second, model simplifications to fuels and weather may also result in larger-thanexpected fire sizes. Clearly, by setting one weather condition per day we ignore the finer-scale weather variability
known to affect fire behavior calculations (Anderson et al.
2007). Fuel variability at the sub-270 m resolution is

likewise unrepresented in the simulation but roads,
streams, urban development, or natural spatial heterogeneity in fuels and topography clearly introduces fire spread
thresholds and censors large fire growth (Reed and
McKelvey 2002; Ricotta et al. 1999; Yang et al. 2008).
Third, our inability to fully account for the influences of
suppression activities on fire growth could result in unrealistically large modeled fires. We only use a general statistical model for representing the very complicated effects
of suppression on fire growth. Moritz et al. (2005) relied on
a simple lower limit of spread rate for stopping fire
movement in California chaparral and Braun et al. (2010)
adjusted burn duration to improve fire size correspondence
with historical data. Fire suppression activities can effect
strong changes in fire growth depending on details not
accounted for in our containment model, including tactics
such as night-time operations and burnout from roads,
rivers, and ridges, and the deployment of locally variable
numbers and kinds of firefighting resources. These factors
would be particularly influential on growth of fires in grass
fuels or open shrub vegetation. Given these modeling
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(a)

(b)
FL<=0.6m

FL=0.6-1.2m

(c)

(d)
FL=1.8-2.4m

FL=1.2-1.8m

(e)

(f)
FL=2.4-3.7m

FL>3.7m

Conditional Probability
0

0.25 - 0.4

0.6 - 0.8

0 - 0.25

0.4 - 0.6

0.8 - 1

Fig. 10 Conditional burn probabilities for six flame length categories. a Under 2 ft (0.6 m), b 2–4 ft (0.6–1.2 m), c 4–6 ft (1.2–1.8 m), d 6–8 ft
(1.8–2.4 m), e 8–12 ft (2.4–3.7 m), f Over 12 ft ([3.7 m)

limitations, it may be useful to consider the introduction of
some means of truncation on the fire size distributions that
have been suggested by analysis of empirical data (Cui and
Perera 2008; Cumming 2001; Moritz et al. 2005).
Despite an incomplete understanding of the effects of
suppression on large fires, our modeling system demonstrates that suppression could be responsible for substantial
reduction in both burn probabilities and fire sizes. Fire size
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distributions generated with the statistical containment
model in place (Finney et al. 2009) have steeper slopes
(indicating a greater proportion of small vs. large fires)
than do those generated without containment. By censoring
fire growth, suppression slows the accumulation of burned
area, and proportionally reduces the frequency of larger
fires in favor of smaller ones. The end result is an increase
in the steepness of the modeled fire size distribution (Cui
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and Perera 2008) such that it more closely approximates
the historical observations. The same finding was reported
by Ward et al. (2001) who compared historical fire size
distributions from areas in Ontario, Canada having intensive fire suppression activities and those in more remote
areas having little suppression. Podur et al. (2009) and
Braun et al. (2010) found reduced fire sizes and heightened
fire frequencies in zones of intensive suppression. These
effects on the fire size distribution also show up as reduced
burn probabilities (or fire frequencies) due to reduced fire
sizes. Fire sizes and burn probabilities can be quite closely
related (Falk et al. 2007; Li et al. 1999). The high degree of
correspondence between fire sizes and burn probabilities
(simulated and historical) suggests that the current model
formulation is capturing essential processes in ways that
produce reasonable estimates of the probabilistic component of fire risk.
Of course, improvements in the FSim model structure
and components can be made in many areas. For example,
the assumption of uniform random large-fire start locations
in this model and others (i.e., Moritz et al. 2005) probably
is a source of error in fine-scale spatial patterns of burn
probability and behavior (Massada et al. 2009). Our primary concern here is with fire-start locations resulting in
large fires, which may not be a function of many factors
related to the general ignition pattern, which includes
vegetation type, management history, and spatial proximity
to human activities (Cardille and Ventura 2001; Krawchuk
et al. 2006; Krawchuk and Cumming 2009). Improvements
to the model of large fire occurrence must consider management actions as a spatially variable ignition filter—
producing a landscape characterized by different rates of
detection and firefighting resource response time, which
would allow fires to escape (become large) at spatially nonuniform frequencies (Arienti et al. 2006; Dickson et al.
2006; Syphard et al. 2008). Finally, a gridded
ERC(G) time-series analysis could be used to better capture the variation in weather associated with major topographic features within FPUs which could then drive a
spatially explicit model of large-fire ignition. Similar
models have been demonstrated, with fire danger rating
indices and other weather factors providing spatial predictions of fire occurrence (Preisler et al. 2004; Preisler and
Westerling 2007).

5 Conclusions
Fire simulation was shown to be practical for use in continental-scale wildland fire risk assessments. The simulated
burn probability and fire size distributions demonstrated
reasonable fidelity to historical observations, suggesting
that actuarial calculations of expected impacts to
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ecological and economic resources are possible. These
methods also provide for the first time, the ability to
evaluate land and fire management options for mitigating
risk. Risk mitigation could entail local and landscape-level
fuel management, which can affect burn probabilities and
modify the behaviors of fire should it occur. Much work
remains to be done by economists and natural resource
specialists concerning the responses of highly valued
resources to the physical behaviors of fire.
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