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STATISTICAL ANALYSIS OF LARGE WILDFIRES
T.P. Holmes, R.J. Huggett, Jr., and A.L. Westerling
1.

INTRODUCTION

Large, infrequent wildﬁres cause dramatic ecological and economic impacts.
Consequently, they deserve special attention and analysis. The economic signiﬁcance of large ﬁres is indicated by the fact that approximately 93.8% of ﬁre
suppression costs on U.S. Forest Service land during the period 1980-2002 resulted
from a mere 1.4% of the ﬁres (Strategic Issues Panel on Fire Suppression Costs
2004). Further, the synchrony of large wildﬁres across broad geographic regions
has contributed to a budgetary situation in which the cost of ﬁghting wildﬁres
has exceeded the Congressional funds appropriated for suppressing them (based
on a ten-year moving average) during most years since 1990. In turn, this shortfall has precipitated a disruption of management and research activities within
federal land management agencies, leading to a call for improved methods for
estimating ﬁre suppression costs (GAO 2004).
Understanding the linkages between unusual natural events, their causes and
economic consequences is of fundamental importance in designing strategies for
risk management. Standard statistical methods such as least squares regression
are generally inadequate for analyzing rare events because they focus attention
on mean values or “typical” events. Because extreme events can lead to sudden
and massive restructuring of natural ecosystems and the value of economic
assets, the ability to directly analyze the probability of catastrophic change, as
well as factors that inﬂuence such change, would provide a valuable tool for risk
managers.
The ability to estimate the probability of experiencing a catastrophic event
becomes more advantageous when the distribution of extreme events has a
heavy-tail, that is, when unusual events occur more often than generally anticipated. Heavy-tail distributions have been used to characterize various types of
catastrophic, abiotic natural phenomena such as Himalayan avalanches (Noever
1993), landslides, and earthquakes (Malamud and Turcotte 1999). Several
studies also indicate that wildﬁre regimes have heavy-tails (discussed in section
2 below). For decades, economists have been interested in heavy-tails appearing
in the distribution of income (Mandelbrot 1960), city sizes (Gabaix 1999,
Krugman 1996), commodity prices series (eg., Mandelbrot 1963a, Mandelbrot
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1963b), ﬁnancial data (eg., Fama 1963, Gabaix et al. 2003), and insurance losses
(Embrechts et al. 2003).
Despite the fact that heavy-tail distributions have been used to characterize
a variety of natural and economic phenomena, their application has been
limited due to the fact that heavy-tail distributions are characterized by inﬁnite
moments (importantly, mean and variance). Reiss and Thomas (2001) deﬁne a
distribution function F(x) as having a heavy-tail if the jth moment
is
equal to inﬁnity for some positive integer j (p. 30). Note that a moment
is “inﬁnite” if the integral deﬁning the statistical moment is divergent (it
converges too slowly to be integrated)—therefore, the moment does not exist.
Recognizing that standard statistical tools such as the Normal distribution
and ordinary least squares regression are not reliable when moments are inﬁnite, Mandelbrot (1960, 1963a, 1963b) suggested that the Pareto distribution
be used to analyze heavy-tail phenomena. The Pareto distribution is extremely
useful because, in addition to the capacity to model inﬁnite moments, it has an
invariant statistical property known as stability: the weighted sum of Paretodistributed variables yields a Pareto distribution (adjusted for location and
scale). Other commonly used long-tail distributions, such as the log-normal,
do not share this stability property. More recently, Mandelbrot (1997) refers to
distributions with inﬁnite variance as exemplifying a state of randomness he
calls “wild randomness”.
Over the past few decades, special statistical methods, known as “extreme
value” models, have been developed for analyzing the probability of catastrophic
events. Extreme value models utilize stable distributions, including the heavytailed Pareto, and have been applied to problems in ecology (Gaines and Denny
1993; Katz et al. 2005), ﬁnance, and insurance (e.g., Reiss and Thomas 1997;
Embrechts et al. 2003). The goals of this chapter are to: (1) show how extreme
value methods can be used to link the area burned in large wildﬁres with a set
of explanatory variables, and (2) demonstrate how parameters estimated in the
linkage function can be used to evaluate economic impacts of management interventions. In doing so, we provide a brief, somewhat technical overview of the
statistical analysis of extreme events and discuss previous applications of these
models to wildﬁre analysis (section 2). A major contribution of this chapter is the
discussion of how extreme value models can be parameterized to include covariates such as climate or management inputs as explanatory variables (section 3).
To clarify the presentation, the statistical methods are applied to an empirical
analysis of nearly a century of ﬁre history in the Sierra Nevada Mountains of
California (section 4). A summary of the major points, and implications of the
empirical analysis for risk managers, are discussed (section 5).

nizing
the special significance
large
fires can
be traced to an article published
2. Heavy-tail
distributionsofand
wildfire
regimes

the Damage?” In that study, the authors provided a statistical analysis

ss and colleagues
titledcan
“DobeOne
Percent
of the
Fires Cause
of wildfires
The idea(1989)
that much
learned
about
economic
costs 99
andPercent
losses from

from the western U.S. and Mexico that showed the underlying statistica
STATISTICAL ANALYSIS OF LARGE WILDFIRES

age?”
In that study,the
thespecial
authors
provided aof
statistical
analysis
wildfire
data
by recognizing
significance
large fires
can beoftraced
to an
article published

3

fire sizes was consistent with the heavy-tailed Pareto distribution. Seve

HEAVY-TAIL
DISTRIBUTIONS
AND
western
U.S. and
Mexico
that
showed
the “Do
underlying
statistical
distribution
of 99 Percent of
by Strauss
and2.
colleagues
(1989)
titled
One Percent
of the
Fires
Cause
WILDFIRE
REGIMES
studies, spanning a wide array of forest types in the U.S. (Malamud et a

s was
with
Paretoprovided
distribution.
Severalanalysis
subsequent
theconsistent
Damage?”
In the
thatheavy-tailed
study, the authors
a statistical
of wildfire data
The idea thatMalamud
much can et
beal.
learned
costs
losses
from (Cumming
wild2005),about
Italyeconomic
(Ricotta et
al. and
1999),
Canada
20
ﬁres
by
recognizing
the
special
signiﬁcance
of
large
ﬁres
can
be
traced
spanning
a
wide
array
of
forest
types
in
the
U.S.
(Malamud
et
al.
1998;
from the western U.S. and Mexico that showed the underlying statistical distribution of to an
article published by Strauss and colleagues (1989) titled “Do One Percent of
et al. 2001) and the Russian Federation (Zhang et al. 2003), also conclu
the
Fires Cause
99 heavy-tailed
Percent
of the
Damage?”
In that
study,
the
authors provided
d etfire
al. 2005),
Italy
(Ricotta
et
al. the
1999),
Canada
(Cumming
2001),
China
(Song
sizes was consistent
with
Pareto
distribution.
Several
subsequent
a statistical analysis of wildﬁre data from the western U.S. and Mexico that
regimes are consistent with the heavy-tailed Pareto distribution. The P
showed
thearray
underlying
statistical
distribution
of that
ﬁre wildfire
sizes
was consistent with
01) and
the Russian
Federation
(Zhang
et al.
2003),
concluded
studies,
spanning
a wide
of forest
types
in also
the
U.S.
(Malamud
et
al. 1998;
the heavy-tailed Pareto distribution. Several subsequent studies, spanning a wide
distribution
may
be truncated et
(Cumming
2001) or tapered
(Schoenberg
of Italy
forest(Ricotta
types
inet the
U.S. (Malamud
al. wildfire
1998;
Malamud
al. 2005),
are Malamud
consistentetwith
the heavy-tailed
Pareto
distribution.
The (Cumming
Pareto
al.array
2005),
al.
1999),
Canada
2001),
Chinaet(Song
Italy (Ricotta et al. 1999), Canada (Cumming 2001), China (Song et al. 2001)
account
fortapered
the (Zhang
finite
size al.
that2003),
can
attained
by fires
forested e
the
Russian
Federation
also
concluded
thatwithin
wildﬁre
ion et
may
truncated
(Cumming
2001)
or
(Schoenberg
et
albe
2003)
to that
al. be
2001)
andand
the
Russian
Federation
(Zhang
et al.et2003),
also
concluded
wildfire
regimes are consistent with the heavy-tailed Pareto distribution. The Pareto wildTo
fix
ideas
regarding
the
nature
of the wildfire
heavy-tailedetPareto
distr
for the
finiteare
sizeconsistent
that
be
attained
by
within
forested
ecosystems.
ﬁre can
distribution
befires
truncated
(Cumming
2001)
or tapered
(Schoenberg
al
regimes
with
themay
heavy-tailed
Pareto
distribution.
The
Pareto
Final Draft
2003) to account for the ﬁnite size that can be attained by ﬁres within forested
of such
data
generation
process
for thetoanalysis of large
o fixdistribution
ideas regarding
thetruncated
natureconsequence
of(Cumming
the heavy-tailed
Pareto
distribution
and
the
ecosystems.
may
be
2001)
oratapered
(Schoenberg
et al 2003)
To ﬁx ideas regarding the nature of the heavy-tailed Pareto distribution and the
Pareto
distribution
is a standard
example
of a heavy-tailed
necessary
to
introduce
some
notation.
To
a cumulative
enceaccount
of suchfor
a data
generation
process
for
the
analysis
of
large
wildfires,
itecosystems.
isbegin,
theconsequence
finite
size that
attained
by fires
within
forested
of can
suchbe
a data
generation
process
for
the analysis
of large
wildﬁres,distribut
it is necessary to introduce some notation. To begin, a cumulative distribution
x �the
1 and
�denoted
> 0. IfPareto
�by
<
2,distribution
then
the≤ distribution
infinite
y to introduce
some
notation.
To
begin,
a cumulative
function
of
To fix
ideas
regarding
nature
of
heavy-tailed
and
the
�x),
x),isis
saidtohas
tobebe
heavy-v
thethe
random
variable
denoted
F(x)
P(X
function
of the
random
variable
X,X,distribution
by
F(x)
= =P(X
said
heavy-tailed if x ≥ 0 and
converges
so
slowly_ to
it cannot
om variable
X, denoted
F(x) generation
= P(X � x),process
is
said for
to be
heavy-tailed
if x �that
0 and
consequence
of suchby
a data
the
analysis
of zero
large
wildfires,
it isbe integrated), an

F ( x � y)

4.1
lim P( X � x � y | X � x) � lim _
� 1, y � 0
_
infinite
�
x �� distribution function of
necessary to introduce
somex �
notation.
To
begin, mean.
a cumulative
F ( x � y)
F ( x)
� x � y | X � x) � lim _
� 1, y � 0
(4.1)
x ��
the random variable
F(x) = P(X
x), is
saidvalue
to bemodels
heavy-tailed
ifattention
x � 0 1999)
andon or
focusSigman
the tail of a
whereX,
=x)1-F(x),byreferred
to as�Extreme
the
“tail
distribution”
(e.g.,
F (denoted
_
“survivor function”
(e.g.,
Miller,referred
Jr. 1981).toIntuitively,
equation
(4.1) states
F
= 1-F(x),
as the “tail
distribution”
(e.g.,that
Sigman 19
where
_
events
rather
than
imposing
a
single
functional
form to hol
if X exceeds someFlarge
value,
then
it
is
equally
likely
that
it
will
exceed
an even
(
x
�
y
)
= 1-F(x),
to
the
distribution”
Sigman
1999)
“survivor
lim P(referred
X � x �larger
y | as
X �
x)“tail
� as
� (e.g.,
1, y �
0
(4.1)
lim
value
well._ The
Pareto
distribution
is aor
standard
example
of a(4.1)
heavyfunction”
(e.g.,
Miller,
Jr. 1981).
Intuitively,
equation
states that
x ��
x ��
-α
tailed distribution: F(x)
where x ≥ 1toand
α > 0. If αthat
< 2,the
thenfamily
the distribution
understand
of extreme value
( x)= xis important
” (e.g., Miller, Jr. 1981).
Intuitively,
(4.1) states
that if X
has inﬁnite
varianceequation
(the distribution
converges
soexceeds
slowly tosome
zero that it cannot be
large
value,
then
it
is
equally
likely
that it will exceed an even larger va
_
integrated), and if α > 1, the
distribution
has inﬁnite
impose
a heavy-tail
uponmean.
the data. Rather, the extreme val
ue, where
then itFis=equally
likely
that
will
an even
larger
as of
well.
Theor “survivor
1-F(x),Extreme
referred
toit as
theexceed
“tailfocus
distribution”
(e.g.,
value
models
attention
onvalue
theSigman
tail
a1999)
statistical
distribution of
events rather than imposing
a singlewhether
functional
holdafor
the moderate
entire distriindicate
theform
datatohave
light,
or heavy-t
function” (e.g.,bution.
Miller,ItJr.is 1981).
Intuitively,
equation
states that
if X exceeds
some
important
to understand
that(4.1)
the family
of extreme
4 value statistical
models does not 4impose a2001).
heavy-tail
the data.
Rather,
the extreme
valueof extrem
Theupon
classical
method
used
the statistics
large value, then
it is equally
likelyindicate
that it will
exceed
andata
evenhave
larger
value
asin
well.
The
parameter
estimates
whether
the
a light,
moderate
or heavytailed distribution (Coles Extreme
2001). The
classical
method
usedfocuses
in the attention
statistics of
Value
(GEV)
method
on the stat
extremes, known as the Generalized Extreme Value (GEV) method focuses attention on the statistical behavior
maximum
valueby
attained
by some variable
random during e
4 of the value
maximum
attained
some random
variable during each time period (or “block”):

M n � max �X 1 , X 2, ..., X n �

4.2

where X1,…,Xn is a sequence of independent random varia

underlying distribution function F. If n represents the num

fire burned more than one-half the annual total was 65% and 81% for the tw

areas, and that the size distribution of the largest annual wildfires between t
4

and 1991
was, H
heavy-tailed.
This result is important because it is consistent
HOLMES
UGGETT, AND WESTERLING

studies
showing that
the entire
range
fire sizes
where X1,…,Xn isempirical
a sequence
of independent
random
variables
eachofhaving
an is Pareto distrib
underlying distribution function F. If n represents the number of wildﬁre obserevidence,
herecorded
speculated
“extreme weather”
vations recorded Further,
in a year,based
then on
Mn graphical
is the largest
wildﬁre
thatthat
year.
Classical extreme value theory shows that there are three types of distributions
conditions
such thatthe
large
wildfires
are “immune
suppression” (p. 1260).
for Mn (after linear
renormalization):
Gumbel
(intermediate
case),toFréchet
(heavy-tail) and Weibull (truncated at a maximum size) families. These three
possible
linkage
between very large wildfires, environmental conditions, an
families are described
by Coles
(2001).
Using extreme value theory, Moritz (1997) ﬁtted a GEV distribution using
wildﬁre data from
two geographic
divisions
the Los Padres National
suppression
technology
waswithin
suggested.
Forest in southern California. He found that the percentage of years in which the
single largest ﬁre burned Although
more than the
one-half
annual
total was
65% and 81%
GEVthe
model
provides
a theoretical
foundation for the a
for the two study areas, and that the size distribution of the largest annual wildﬁres between the years
1911
and 1991
result isestimation
important because only a s
extreme
events,
datawas
useheavy-tailed.
is inefficientThis
in model
because it is consistent with empirical studies showing that the entire range of ﬁre
sizes is Pareto distributed.
Further,
graphical
evidence,
speculated
that to extreme valu
observation
perbased
time on
period
is utilized.
A he
second
approach
“extreme weather” might create conditions such that large wildﬁres are “immune
to suppression” (p.overcomes
1260). Thus,
possible linkage
between
very largewhich
wildﬁres,
thisa limitation
by using
observations
exceed a high thresh
environmental conditions, and ﬁre suppression technology was suggested.
Although the GEV model provides a theoretical foundation for the analysis
often referred to as the “peaks over threshold” method. Again let X1, X2, …
of extreme events, data use is inefﬁcient in model estimation because only a
single observation per time period is utilized. A second approach to extreme
sequence of independent and identically distributed random variables with
value analysis overcomes this limitation by using observations which exceed a
high threshold value, often referred to as the “peaks over threshold” method.
function
F, and
let u represent
some high
threshold.distribThe stochastic behavio
Again let X1, X2, …
represent
a sequence
of independent
and identically
uted random variables with distribution function F, and let u represent some high
events above
theofthreshold
is given
by the
thethreshold
conditional
probability
threshold. The stochastic
behavior
extreme events
above
is given
by the conditional probability
_

Pr � X � u � y | X � u � �

F (u � y )
_

F (u )

, y�0

4.3

which clearly bears a strong resemblance to equation (4.1). It can be shown that,
which
clearly bears
a strong
resemblance
to the
equation
(4.1). It can be shown
by taking the limiting
distribution
of equation
(4.3)
as uDraft
increases,
distribution
Final
function converges to a Generalized Pareto distribution Gξσ(y) (Coles 2001):

taking the limiting distribution of equation (4.3) as u increases, the distribu
�

1

� � � � �
converges to a Generalized
1 � distribution
y�
if �G���0(y) (Coles 2001):
�1 � �Pareto
4.4
G�� � y � � Pr � X � u � y | X � u � � � � � �
y
�
�
�
if � = 0
� 1� e

(4.4

where y = x – u. The parameter ξ is called the shape parameter and σ is the
where y = x – u. The parameter � is called the shape parameter and � is the scaling
scaling parameter. When ξ < 0, the distribution has a ﬁnite upper endpoint at
–σ/ξ; when ξ = 0, the distribution is an exponential (light-tail) distribution with
parameter.
< 0, the distribution
has a (or
finite
upperdistribution)
endpoint at –�/�; when � =
mean σ;
when ξ > When
0, the �distribution
has a heavy-tail
Fréchet

6
the distribution is an exponential (light-tail) distribution with mean �; when � > 0, the

distribution has a heavy-tail (or Fréchet distribution) with mean �/(1-�), given that � <

STATISTICAL ANALYSIS OF LARGE WILDFIRES

Final Draft

5

with mean σ/(1-ξ), given that ξ < 1 (Smith 2003). If ξ ≥ 1 the mean
the distriFinalofDraft
bution is inﬁnite,
and
if
ξ
>
1/2
the
variance
is
inﬁnite
(“wildly
random”).
3. Including covariates in extreme value threshold models
Parameters of the Generalized Pareto model were estimated by Alvarado and
Including
in and
extreme
value
threshold
colleagues (1998) for3.large
wildﬁrescovariates
between 1961
1988 in
Alberta,
Canada.models
As mentioned above, Generalized Pareto models are more efficie
Using alternative threshold values (200 hectares and the upper one percentile of
ﬁre sizes) they concluded that
data wereabove,
FréchetGeneralized
(heavy-tail) Pareto
distributed.
In are mor
Asthe
mentioned
models
data than classical extreme value models because they permit multiple o
fact, the ﬁre data were so heavy-tailed that the ﬁtted distributions were found to
have both inﬁnite means
inﬁnite
variances.
dataand
than
classical
extreme value models because they permit m
observational
period,
such as wildﬁre
fire year.
main challenge
in the Gene
The various
ﬁndings reported
above—that
sizeThe
distributions
are heavytailed—represent an observational
important statistical
However,
economists
are
period,regularity.
such as fire
year. The
main challenge
in t
model is
selectionprobabilities,
of a threshold
inclusion.
Statistical
theor
generally interested
in the
conditional
thatfor
is, data
factors
that induce
nonstationarity in statistical
distributions
(Brock of
1999).
In the following
we Statistic
model
is the selection
a threshold
for data section,
inclusion.
should
be high
considered
an extreme valu
threshold
describe howthe
covariates
canube
introduced
intoenough
modelsto
of be
heavy-tailed
statistical
distributions and showthe
how
hypotheses
about covariates
can be tested
a “regres- an extre
u should
be high enough
to be in
considered
threshold
increasesThese
less data
is available
estimate tool
the distribution
parameters.
sion-like” framework.
methods
provideto
a powerful
for researchers
to
investigate factors that inﬂuence the generation of large wildﬁres.

increases less data is available to estimate the distribution param
rigorous methods for determining the appropriate threshold are currentl

3.

INCLUDING
COVARIATES
IN EXTREME
VALUEthreshold are
rigorous
methods for determining
the appropriate
great deal of research attention, graphical data exploration tools are typ
THRESHOLD MODELS

great deal of research attention, graphical data exploration tools

anGeneralized
appropriatePareto
valuemodels
for u using
a plot
of the in
sample
As mentionedselect
above,
are more
efﬁcient
the usemean
of excess
data than classical extreme
value
models because
theyupermit
select an
appropriate
value for
using multiple
a plot ofobservathe sample mean
2001). Inperiod,
particular,
theﬁre
threshold
chosen
whereinthe
tions per observational
such as
year. Theismain
challenge
thesample
Gener- mean ex
alized Pareto model is
the selection
of a threshold
for dataisinclusion.
Statistical
2001).
In particular,
the threshold
chosen where
the sample m
the sample
of the
exceed
the threshold)
becomes a line
theory indicates
that themean
threshold
u values
should that
be high
enough
to be considered
an extreme value, butthe
as sample
u increases
less
is available
estimate
distri- becom
mean
ofdata
the values
that to
exceed
the the
threshold)
plottedAlthough
against the
threshold
value.
bution parameters.
rigorous
methods
for determining the appropriate
threshold are currently receiving a great deal of research attention, graphical data
plotted against the threshold value.
determined
a threshold
value, value
parameters
of thea Generali
exploration tools areHaving
typically
used to select
an appropriate
for u using
plot of the sample mean excess function (Coles 2001). In particular, the threshold
Having determined a threshold value, parameters of the G
is chosen where
the sample
excess function
the sample
mean of
the
distribution
canmean
be estimated
by the (i.e.
method
of maximum
likelihood.
F
values that exceed the threshold) becomes a linear function when plotted against
can be estimated by the method of maximum likelih
the thresholdlikelihood
value. distribution
function is
Having determined a threshold value, parameters of the Generalized Pareto
likelihood
is of� maximum
distribution can be estimated
by function
the method
likelihood. For ξ ≠ 0,
1�
m
�xi � u �� ����1� � ���
the likelihood function is 1 �
L�� , � � � �

1��
� 1�
� �� m 1 � � ��� x � u �� ���� 1� � ���
i
L�� , � � � � �1 � �
� ��
i �1 � �
i �1

4.5

and the log-likelihood is
and the log-likelihood is

and the log-likelihood ism
� 1�
� �
�
ln L( � ,� ) � �m ln � � ��1 � ��� ln �1 � �xi � u ��
4.6
m
�
�
�
� �i �1 1� �
�
�
�
�
ln L( � ,� ) � �m ln � � ��1 � ��� ln �1 � �xi � u ��
�
�
�
�
� i �1
�
where m is the number of observations, xi is the size in acres of fire i, an

where m is the number of observations, xi is the size in acres of
threshold fire size in acres. Note that equation (4.6)
can only be maxim

�

�

1 �convergence.
� �1� � xi � u � �For
0 for
i = 1,…,
m.where
If this
theall
special
case
� 0untrue,
, the lo
� to assure
� is

m
For the special case where � �
� to assure convergence.
ln L( � ) � �m ln � � � �1 � � xi �Final
u � Draft

6

HOLMES, HUGGETT, AND WESTERLING i �1

m

�xi � uu�is the
lnxLFinal
( �the
) �Draft
�minlnacres
� � �of�1ﬁre
�
where m is the number of observations,
is
size
i, and
i
�and
1
the
model
is
a
member
of
the
(non-heavy-tailed)
1 this is untrue,
i �exponential
�
�
�
�
1
�
�
�
x
�
u
�
0
for
all
i
=
1,…,
m
.
If
it is necessary t
i
threshold ﬁre size in acres. Note that
equation (4.6) can only be maximized when

�1 � � � �x

�

m
. the
If
this
is untrue,
untrue,
necessary
set lnL(�,�)
= -then
forall
allii==1,…,
1,…,m.
If
this
is
ititisis necessary
to
set
i � u � � 0 for
Ifand
the
underlying
stochastic
process
istonon-stationary,
model
a member
of the
exponential
(non-heav
For isthe
special case
where
log-like
� to assure convergence.
� � 0 , the
lnL(ξ,σ) = -∞ to assure convergence. For the special case where ξ = 0, the loglikelihood
to assureisconvergence. For
the model
specialcan
case
the
log-likelihood
�
� � 0to, stochastic
Pareto
bewhere
extended
include
covariates
as time
If the
underlying
process issuch
non-station
�1

m

ln L( � ) � �m ln � � � �1 � � xi � u �
4.7
m climate or
othermodel
forcing
variables.
Non-stationarity
is typically
Pareto
be extended
to include covariates
suche
i �1 can
�1
ln L( � ) � �m ln � � � � � xi � u �
(4.7)
and the model is a memberi �of
1 the exponential (non-heavy-tailed) family of distriparameter
(Smith
2003).
For
example,
to test for a time
or other
forcing
variables.
Non-stationarity
istre
ty
and thescale
model
isclimate
a member
of the
exponential
(non-heavy-tailed)
family
butions.

the model
underlying
stochasticofprocess
is non-stationary,
then the simple
GenerandIfthe
is a member
thebe
exponential
(non-heavy-tailed)
family
of the
distributions.
could
expressed
as a function
ofastime,
where
scale
parame
scale
parameter
(Smith
2003).
For
example,
to
test
forsim
a
If the underlying
stochastic
process
istime
non-stationary,
then
the
alized Pareto model can be extended
to
include
covariates
such
trends,

seasonal
climate or
other forcing
variables.
Non-stationarity
typically
If effects,
the underlying
stochastic
process
is non-stationary,
thenisthe
simple Generalized
be
asexample,
a function
ofMore
time,
where
is
t i , expressed
where
t represents
time.
ascale
vec
�parameter
�could
�(Smith
model
to
include
covariates
such
as timethe
trends,
expressed in terms ofPareto
the scale
2003).
For
to test
for generally,
i � can
0 �be
1extended
a time trend,
scale
parameterto
could
be expressed
as asuch
function
of time,
where
Pareto
modelthe
can
be extended
include
covariates
as time
trends,
seasonal effects,
climate
or other
forcing
Non-stationarity
isparameter
typically
express
� � 1by
t i ,,expressing
where
represents
time.
More as
general
�the
� 0variables.
the scale parameter for
observation
i isisin
where
t trepresents
time.
included
the scale
a line
i � model
More generally, a vector of covariates can be included in the model by expressing
climate or other forcing variables. Non-stationarity is typically expressed in terms of the
parameter
(Smith
2003).
For
example,
to testand
for
timeparameter
trend,(�the
the scale parameter asscale
a linear
function
of
the product
of
a vector
of
explanatory
product
of
a vector
variables
) to
included
inof
theexplanatory
model
by expressing
the aparameters
scale
variables and parameters (β) to be estimated:

scale parameter (Smith 2003). For example, to test for a time trend, the scale parameter
could be expressed
as a�of
where the
scale parameter
for
product
a vectorofoftime,
explanatory
variables
and paramet
�function
0�
� � � the scale parameter for observation i
could be expressed as a function of time, where
is � i � �� 0���1,�z1t,...,
a vector of c
� t1represents
� � � � time. More generally,
i , where
�
z
4.8
1
n
�� � � 0 �
is � i � � 0 � � 1t i , where t represents time. �More
a vector of covariates can be
�1
� generally,
included in the �
model
� �1, zby
,...,
nexpressing
�1 �
�z n � �� �� the scale parameter as a linear func
�
Final Draft
� � as a linear function of the
included
thenumber
modelof
bycovariates
expressing
the scale
parameter
where n isinthe
included
in
the
model.
productwhere
of a vector
explanatory
variablesincluded
and parameters
(�) to be est
n�
n is theofnumber
of� �covariates
in the model.
The Generalized Pareto model is asymptotically consistent, efﬁcient, and

The
statistical
model
can
bebe
used
toofestimate the expe
product
vector
explanatory
variables
and
parameters
(�)derivation
to
estimated:
normal ifofξa >
–0.5 of
(Coles
2001; Smith
2003),
allowing
for the
� �Generalized
The
Pareto model
is asymptotically
of
covariates
included
inconsisten
the mod
where
0 � n is the number
standard errors for the parameter estimates
� � � using either the bootstrap method or
large�fires
a fire
season
givenobtained
values for the set of cov
1matrix
� �observed
the inverse of the
information
(Smith
2003).
Having
� during
0 �� � �1, z
� 5 (Coles
Smith 2003),
allowing
the derivationc
� �z�n 0.
1 ,...,
Generalized
Pareto
model of
isfor
asymptotically
� � � errors,ifhypotheses
estimates of standard
the statistical
signiﬁcance
�� regarding
� The2001;
1 �
�
the value
� � vector [�0, …, �n]. In the simplest case,(4.8)
�1, z1 ,..., z ncan
� be tested. parameter
�the�covariates
�� n��estimates
� � can be
5 (Coles
�0.the
2001;
Smith
2003),
theused
parameter
using
either
the bootstrap
methodfor
orthe
thedi
The statistical�model
toif�estimate
expected
value
(average
size)allowing
� �
an updated
value
for a timeand
trend.
of large ﬁres during
given values
for the set
of covariates
esti- Or, the value ma
� � n �a ﬁre seasonrepresent
n is[βthe
number
of
covariates
included
in
the
model.
where
information
matrix
(Smith
2003).
Having
obtained
estimates
of s
the
parameter
estimates
using
either
the
method
mates of the parameter
vector
,
…,
β
].
In
the
simplest
case,
the
value
for
abootstrap
0
n
covariate
may
represent
an
updated
value
for
a
time
trend.
Or,
the
value
may
value
of
a
covariate
such
as
a
climate
indicator.
For
the
Gene
where n is the number of covariates included in the model.
TheofGeneralized
Pareto
is asymptotically
effic
represent the forecasted value
a information
covariate
such
asmodel
a climate
indicator.
Forofconsistent,
hypotheses
regarding
the
statistical
significance
the covariates
matrix
(Smith
2003).
Having
obtained
estim
the Generalized Pareto model, the
expected
valueofofananevent
eventthat
thatexceeds
exceedsthe
thethreshold has a si
expected
value
The Generalized Pareto model is asymptotically consistent, efficient, and normal
if expression:
2001; Smith
2003),
forsignificance
the derivation
of stan
� � �0.5 (Coles
threshold has a simple
hypotheses
regarding
theallowing
statistical
of the
co
�
(
Z
)
if � � �0.5 (Coles 2001; Smith 2003),
4.9 errors for
E (Y ) � allowing for the derivation of standard
the parameter estimates
1 � � using either the bootstrap method or the inverse

the parameter estimates using either the bootstrap method or the inverse9of the observed
informationgiven
matrix
(Smith
Having
estimates
of standard
� < 12003).
(recall that
if � obtained
> 1 the mean
is infinite),
Y is
that
information matrix (Smith 2003). Having obtained estimates of standard errors,9
hypotheses observation
regarding the
statistical
covariates
be
exceeds
the significance
threshold (Y of
– �the
> 0),
and Z iscan
a vect
hypotheses regarding the statistical significance of the covariates can be tested.

STATISTICAL ANALYSIS OF LARGE WILDFIRES

7

given that ξ < 1 (recall that if ξ > 1 the mean is inﬁnite), Y is the amount by
which an observation exceeds the threshold (Y – µ > 0), and Z is a vector of
covariates. In terms of wildﬁre sizes, E(Y) provides an estimate of the expected
(or average) size of a large wildﬁre given that a wildﬁre size has exceeded the
threshold value.
Economic metrics can be calculated using information on the economic values
associated with the expected area burned. For example, the expected value of
timber at risk of loss to a large wildﬁre could be estimated by multiplying the
expected number of acres burned in a large wildﬁre by an average per acre estimate of stumpage value. Expected suppression costs associated with large wildﬁres could be estimated in a similar fashion. Or, if information were available on
the non-market economic values of resources related to recreation, watersheds or
wildlife habitat, then economic estimates of non-market values at risk could be
computed as well. If statistically signiﬁcant covariates associated with management interventions are identiﬁed that alter the production of large wildﬁres, then
the parameter estimates on the covariates can be used to estimate the economic
beneﬁts of interventions. An illustration is presented in the following empirical
example.

4.

LARGE WILDFIRES IN THE SOUTHERN SIERRA
NEVADA MOUNTAINS

The Southern Sierra Nevada Mountains (SSNM) provide a useful case study
for illustrating the application of extreme value analysis to wildﬁre modeling.
Nearly a century of ﬁre data is available for land management units located in
this region, allowing us to investigate factors inﬂuencing wildﬁre production
over short, medium and long time scales. The ﬁre data analyzed in this chapter
come from the Sequoia National Forest (SQF) which sits at the southern extension of the SSNM and comprises 5,717 km2, or 27%, of the federally managed
lands in the SSNM (Figure 4.1). The northern and western reaches of SQF have
the most forest cover, with substantial area at lower elevations in the southwest
in grassland and in the southeast in chaparral. Giant sequoia groves are a small,
but important, component of the ﬁre-adapted ecosystems in SQF.
Fire history data for SQF were derived from ﬁre perimeter records (Figure 4.2)
for ﬁres for the years from 1910–2003, obtained from the California Department
of Forestry Fire and Resource Assessment Program. A histogram of the ﬁre size
distribution for SQF (Figure 4.3) clearly shows that the distribution is not normal
or log-normal, is highly skewed, and has a long right-hand-side tail (note that
ﬁre sizes above 10,000 acres have been combined for graphical convenience).
At a ﬁrst approximation, the distribution of ﬁre sizes for SQF appears as though
it may be Pareto distributed (heavy-tailed) or, perhaps, distributed as a negative exponential (light-tailed). Fortunately, statistical methods can be used to test
whether the distribution is light- or heavy-tailed (Reiss and Thomas 2001).

Forest and Park land in the Southern Sierra Nevada Mountains (grey) an
Climate
Division
number
7 (CA07,
light blue).
Figure 4.1:
Location
of Sequoia
National
Forest (SQF, black) in relation
Forest and Park land in the Southern Sierra Nevada Mountains (grey) an
Climate Division number 7 (CA07, light blue).
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Figure 4.1. Location of Sequoia National Forest (SQF,
black)
in relation
othershowing
Federal Forest
andburned
Park landsince
in
Figure
4.2: to
Map
areas
theboundary.
Southern Sierra Nevada Mountains (grey) and California
Climate Division number 7 (CA07, light blue).

1910 (shaded) and Sequoi

Figure 4.2: Map showing areas burned since 1910 (shaded) and Sequoi
boundary.

Figure 4.2. Map showing areas burned since 1910
(shaded) and Sequoia National Forest boundary.

26

Figure 4.3. Fire size distribution, Sequoia National Forest, 1910-2003
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Figure 4.3. Fire size distribution, Sequoia National Forest, 1910-2003

4.1

Model Speciﬁcation

The ﬁre history for SQF permits us to test a variety of hypotheses, including
whether or not a long-term trend can be identiﬁed in the occurrence of large ﬁres.
Additionally, the time-series allows us to investigate whether shorter-run trends,
such as changes in ﬁre suppression technology, and seasonal inﬂuences, such as
climatic effects, have inﬂuenced the production of large wildﬁres. Although the
covariates discussed below are included in the model speciﬁcation, the results
should be viewed as illustrative. Because this model is the focus of ongoing
research, it should be understood that alternative model speciﬁcations may (or
may not) yield somewhat different results.
4.1.1

Time trend

In the SSNM, the combined inﬂuence of livestock grazing during the nineteenth
century and ﬁre suppression during the twentieth century have changed tree
species composition and increased the density of forest stands (e.g., see Vankat
and Major 1978). As early as the late 1800’s, foresters in California were arguing
for ﬁre exclusion to protect timber resources for the future, and by the early twentieth century ﬁre reduction was occurring
27(Skinner and Chang 1996). Suppression
of low and moderate severity ﬁres has caused conifer stands to become denser,
especially in low- to mid-elevation forests, and shade tolerant, ﬁre-sensitive tree
species have become established. In turn, these vegetative changes have led to a
profusion of wildﬁres that burn with greater intensity than in the past, with crown
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ﬁres becoming more common (Skinner and Chang 1996). Further, the proportion
of the annual acreage burned by the largest wildﬁre on National Forest land has
trended upwards during the twentieth century (McKelvey and Busse 1996).
We hypothesize that a positive trend may be identiﬁed in the probability of
observing large wildﬁres in the SSNM which may reﬂect these long-term changes
in forest composition. A trend variable, timei, was created by setting timei = 1 for
the ﬁrst year of the data record, timei = 2 for the second year, and so forth up to
the ﬁnal year of the data record.
4.1.2

Fire suppression technology

The use of air tankers for ﬁghting wildﬁres began in California. The ﬁrst air drop
was made on the Mendenhall Fire in the Mendocino National Forest in 1955 in
a modiﬁed agricultural biplane. These early aircraft had roughly a 100 gallon
capacity and dropped about 124,000 gallons of water and ﬁre suppressants during
that year. By 1959, heavier air tankers with as much as a 3,000 gallon capacity
were in operation and dropped nearly 3.5 million gallons in 1959 (Anon. 1960).
Aircraft are now commonly used in ﬁre suppression and their expense is a major
component of suppression costs on large wildﬁres (Mangan 2001).
Although historical aircraft ﬁre suppression cost data are not available for the
SSNM, an aircraft variable was speciﬁed for use in our large wildﬁre probability
model by creating a dummy variable, air_dummy, to approximate the effective
use of air tankers for ﬁre suppression in California. In particular, we set air_
dummy = 0 for years prior to 1960 and air_dummy = 1 for subsequent years.
4.1.3

Climate

The moisture available in fuels is a critical factor in wildﬁre spread and intensity. Climatic effects are speciﬁed in our model using PDSI, which is an index
of combined precipitation, evapotranspiration and soil moisture conditions.
PDSI has been used successfully in previous studies of climate-ﬁre relationships
(e.g., Balling et al. 1992; Swetnam and Betancourt 1998; Mitchner and Parker
2005; Westerling et al. 2003; Westerling, chapter 6). The index is negative when
inferred soil moisture is below average for a location, and positive when it is
above average. In this chapter, we investigate the relationship between climate
and large ﬁre sizes using observations on July values for PDSI for California
region 7 (Figure 4.1). PDSI values from the U.S. Climate Division Data set were
obtained from NOAA for 1895-2003. July PDSI calculated from monthly climate
division temperature and precipitation is used here as an indicator of inter-annual
variability in summer drought.
We note a pronounced trend toward drier summer conditions over the entire
period of analysis, with a highly signiﬁcant trend in July PDSI (Figure 4.4). This
tendency toward drier summers is probably a function of both lower precipitation and higher temperatures. There has been a trend toward lower precipitation
throughout the entire Sierra Nevada Mountain range over the period of analysis,

Figure 4.4: July PDSI index for California Climate Division number
Diagonal line is ordinary least squares regression fit to a time trend.
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Figure 4.4. July PDSI index for California Climate Division number
7, 1910–2003. Diagonal line is ordinary least squares regression ﬁt to
a time trend.

Figure 4.5: Acres burned by fire size class, Sequoia National Forest
while spring and summer temperatures have been much warmer since the early
1980s. Warmer springs in particular, combined with less precipitation, result in
an earlier snow melt at mid and higher elevations, which in turn implies a longer,
300,000
more intense summer
dry season and ﬁre season (Westerling et al. 2006).
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were estimated using the Integrated Matrix Language
0
(IML) programming code in the SAS statistical software.
Prior to estimating either model, it was necessary to choose the threshold ﬁre
size u above which large or “extreme” ﬁres would be modeled. Mean excess
plots were created to identify the location of the ﬁre size threshold. As explained
in Coles (2001), the Generalized Pareto distribution will be a valid representation of the distribution of exceedances above u ifYears
the plot is linear past that point.
Visual inspection of the mean excess plot indicated that a threshold of 500 acres
would be appropriate as the plot became generally linear beyond the u = 500 acre
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size distribution may be initiated at a threshold of 500 acres.
Although a relatively small proportion (30%) of the total number of ﬁres in
SQF exceeded 500 acres, they accounted for nearly all (94%) of the total area
burned during the ﬁre record (Figure 4.5). After eliminating observations with
total burned area of 500 acres and less, 181 observations remained for estimation
of the SQF large ﬁre distribution. Summary statistics for the 181 ﬁres, and the set
of covariates included in the model, are given in Table 4.1.
Maximum likelihood techniques were used to estimate the parameters in equation (4.6), where the scale parameter was speciﬁed using covariates as shown in
equation (4.8). That is, the scale parameter was speciﬁed as: σi = β0 + β1timei
+ β2air_dummyi + β3PDSIi. Standard errors for the parameter estimates were
derived from the inverse of the observed information matrix, and allowed us to
test whether the parameter estimates were signiﬁcantly different than zero.
4.3

Results

In the simple model with no covariates, both the shape and scale parameter estimates were signiﬁcantly different than zero at the 1% level. Since the parameter
estimate for the shape parameter ξ is greater than 0, the distribution has a heavytail (Fréchet). This result is consistent with the studies in the literature reviewed
above. Further, since ξ > 1, the distribution has an inﬁnite mean and variance,
which is consistent with the ﬁndings reported by Alvorado and others (1998).
Although forest extent is ﬁnite and, therefore, average wildﬁre size must be
ﬁnite, the ﬁnding of an inﬁnite (divergent) mean and variance for ﬁres exceeding
Figure
4.5: Acres burned by fire size class, Sequoia National Forest, 1910-2003
the 500 acre threshold implies that ﬁres greatly exceeding ﬁre sizes included
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Figure 4.5: Acres burned by ﬁre size class, Sequoia National Forest, 1910-2003
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Table 4.1. Descriptive statistics for large ﬁres and covariates included in the model.

ﬁre size (ac.)
time (trend)
air_dummy
PDSI

Mean

Std. Dev.

Min.

Max.

4,533.49
47
0.47
-0.9954

13,365.25
27.13
0.50
3.1311

504.00
1
0
-5.35

149,470.00
94
1
7.70

Table 4.2. Parameter estimates of the basic Generalized Pareto
extreme value model.
Parameter

Value

Std. Error

t-statistic

shape ξ
scale σ

1.02
780.23

0.15
115.68

6.84
6.75

N = 181
log likelihood

-1,570.7472

Table 4.3. Parameter estimates of the Generalized Pareto extreme
value model with covariates.
Parameter

Value

Std. error

t-statistic

shape ξ
scale σ
constant
time
air_dummy
PDSI

0.91

0.14

6.49

593.47
15.19
-983.44
-62.70

199.12
7.88
420.01
21.52

2.98
1.93
2.34
-2.91

N = 181
log likelihood

-1,564.25

in the historical record are possible. This ﬁnding is important because it indicates that large wildﬁre production is extremely variable despite the constraints
imposed by physical conditions. In turn, extreme variability in the production of
large wildﬁres makes ﬁre program planning and budgeting difﬁcult, especially
if the variables driving the stochastic ﬁre generation process cannot be identiﬁed
or reliably forecast.
The parameter estimate on ξ in the Generalized Pareto model with covariates indicates that large ﬁres in SQF have a heavy-tail, or Fréchet distribution,
with inﬁnite variance, which is similar to the basic model. However, because the
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parameter estimate ξ < 1 in the covariate model, the mean of the distribution is
ﬁnite (in contrast with the basic model). This result is important, as it allows us
to estimate the size of the average ﬁre for wildﬁres exceeding the threshold (500
acres), and evaluate how changes in management inputs inﬂuence the average
size of large wildﬁres.
Including covariates in the Generalized Pareto model suggests that the distribution of large ﬁres in SQF has been non-stationary over the recorded ﬁre history.
The positive parameter estimate on the time trend is signiﬁcant at the 10% level
and indicates that the probability of observing a large wildﬁre has increased over
the 94 year ﬁre record. This result should be viewed as illustrative, not deﬁnitive,
and a more fully speciﬁed model (considering, for example, non-linear effects
and other covariates) may alter this ﬁnding. None-the-less, this result is consistent with the idea that land use history and ﬁre suppression have contributed to
altered tree species composition and density which, in turn, have contributed to
forest conditions with greater ﬂammability. We note further that this effect may
be confounded to some degree by the increased development of roads and trails
in SQF over the 94 year period, and the concomitant increase in the number of
people visiting the forest may have contributed to the increasing trend in large
wildﬁres.
Consistent with our a priori hypothesis, drier fuel conditions (as measured
using PDSI) were found to be related with larger ﬁres. The parameter estimate
on PDSI was negative and signiﬁcant at the 1% level. Recall that negative values
of PDSI correspond with the driest conditions, while positive values correspond
with wet conditions. Consequently, the model results indicate that very dry conditions are associated with an increased probability of large wildﬁres.
The parameter estimate on the air tanker dummy variable is negative and significant at the 5% level and suggests that the deployment of air tankers since 1960
has decreased the probability of observing large wildﬁres. This result is consistent with the ﬁnding reported by Moritz (1997) who concluded that air tankers
have aided the containment of large wildﬁres in California’s Los Padres National
Forest. Again we note that these results are provisional and might change with
improved model speciﬁcations.
Given the parameter estimates, various scenarios can be constructed to demonstrate the effect of the covariates on the expected large ﬁre size and to evaluate
the impact of management interventions (Table 4.4). For example, the scenarios
shown in Table 4.4 indicate that the expected large ﬁre size is quite sensitive to
the use of air tankers for ﬁre suppression. Under average drought conditions in
the year 2002, the use of air tankers reduces the expected large ﬁre size from
24,700 acres to 13,690 acres, a reduction of about 45 percent. Given data on
ﬁre suppression costs, this relationship could be used to estimate the expected
beneﬁts (reductions in cost) due to the use of air tankers.
Because they represent averages, expected large ﬁre sizes may not be sensitive
to extreme conditions experienced during a single ﬁre year. The ﬁre year 2002
provides an instructive example, as the July PDSI for that year was the driest
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Table 4.4. Scenarios depicting the expected size of large ﬁres (thousand acres)
under alternative conditions.
Scenario
1.
2.
3.
4.

Average drought w/ tankers
Average drought w/o tankers
Extreme drought w/ tankers
Extreme drought w/o tankers

Year 2002

Year 2010

Year 2025

Year 2050

13.69
24.70
16.74
27.76

15.05
26.05
18.10
29.12

17.60
28.6
20.66
31.67

21.85
32.86
24.91
35.92

since 1910. The expected large wildﬁre size for SQF for 2002, incorporating the
time trend and the effect of PDSI, was computed to be roughly 15,000 acres if
air tankers were used in suppression and roughly 26,000 acres if air tankers were
not used for ﬁre suppression. During the summer of 2002, the largest ﬁre for SQF
since 1910 was recorded (the McNally ﬁre) which burned nearly 150,000 acres.
Our estimate of average ﬁre size for that year is much too low and suggests either
that our model has omitted some important variables (such as wind speed) or
that other unobserved factors create the extraordinary variance observed in large
wildﬁre regimes.
Although an annual estimate of expected large wildﬁre size may be inaccurate under extreme climatic conditions, averaging expected large wildﬁre sizes
over time improves the precision of expected values. For example, the average
large ﬁre in SQF between 1994 and 2003 was 9,625 acres. Using the parameters
in our Generalized Pareto covariate model, we estimated that the average large
ﬁre would be 12,247 acres, which is within 1 standard deviation of the sample
average. Therefore, temporal averaging can smooth out the estimate of expected
large wildﬁre size even during periods of extreme climatic conditions. In turn,
this suggests that estimates of the beneﬁts of large wildﬁre management interventions should likewise be temporally averaged and that conﬁdence intervals
should be reported.

5.

SUMMARY AND CONCLUSIONS

Although extreme value statistical models are not widely used in wildﬁre
modeling, the literature review, results, and analysis reported in this chapter
suggest that further development of these models is warranted for four principal
reasons:
• Wildﬁre production often does not follow a “light-tail” distribution such
as a normal or log-normal distribution. Rather, ﬁre size distributions
reported for several regions around the globe have heavy-tails characterized
by inﬁnite moments.
• Standard statistical techniques, such as ordinary least squares regression,
may produce very misleading parameter estimates under conditions of inﬁnite variance (second moment).
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• Extreme value models focus attention on the tail of the distribution which,
in ﬁre modeling, is where most of the ecological and economic impacts
occur. These statistical models are stable under conditions of inﬁnite
moments and allow probabilities of catastrophic events to be rigorously
estimated.
• A set of covariates can be included in extreme value models providing the
ability to test hypotheses regarding variables that inﬂuence the production
of large wildﬁres. Parameter estimates on covariates can be used to evaluate
the impacts of management interventions on the production of large wildﬁres.
A major conclusion of this chapter is that large wildﬁres are intrinsic to ﬁreadapted ecosystems and that memorable events such as the Yellowstone ﬁres
of 1988 (e.g., Romme and Despain 1989) and the McNally ﬁre of 2002 in SQF
cannot be simply dismissed as catastrophic outliers or anomalies. Rather, the
underlying ﬁre generation process operates in a fashion such that wildﬁres greatly
exceeding those represented in local or regional ﬁre histories may occur sometime in the future. Inﬁnite variance in wildﬁre production, or “wild randomness”,
greatly complicates planning operations for large ﬁres. For example, moving
average models of acres burned in large ﬁres likely provide poor forecasts of the
size of future large ﬁres because the ﬁrst moment converges very slowly to its
true value in a wildly random state. The development of decision-making strategies for resources exposed to the state of wild randomness remains a challenge
for risk managers in the ﬁnance and insurance sectors as well as for wildﬁre
managers.
The second major conclusion of this chapter is that the ability to include covariates in a model of large wildﬁres characterized by inﬁnite variance provides
a robust method for evaluating the impact of management interventions. For
example, the impact of deploying air tankers in ﬁre suppression (captured using
a dummy variable) was illustrated. The parameter estimate on the air tanker
dummy variable was shown to have a substantial effect on the expected size of
large ﬁres. Given the size of this effect, data on large wildﬁre suppression cost
could be used to estimate the expected beneﬁts (cost savings) attributable to air
suppression. In turn, the expected beneﬁts of air suppression could be compared
with air suppression costs. This modeling approach can be more generally used
to evaluate the costs and expected beneﬁts of other management interventions on
large wildﬁres. Future research will be directed at identifying and testing alternative extreme value covariate models on an array of large wildﬁre regimes and
management interventions with the goal of understanding how large ﬁre costs
might be better managed.
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