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Abstract Statistical characterization of past fire regimes is important for both the
ecology and management of fire-prone ecosystems. Survival analysis—or fire frequency analysis as it is often called in the fire literature—has increasingly been used
over the last few decades to examine fire interval distributions. These distributions can
be generated from a variety of sources (e.g., tree rings and stand age patterns), and
analysis typically involves fitting the Weibull model. Given the widespread use of fire
frequency analysis and the increasing availability of mapped fire history data, our goal
has been to review and to examine some of the issues faced in applying these methods
in a spatially explicit context. In particular, through a case study on the massive Cedar
Fire in 2003 in southern California, we examine sensitivities of parameter estimates to
the spatial resolution of sampling, point- and area-based methods for assigning sample
values, current age surfaces versus historical intervals in generating distributions, and
the inclusion of censored (i.e., incomplete) observations. Weibull parameter estimates
were found to be roughly consistent with previous fire frequency analyses for shrublands (i.e., median age at burning of ∼30–50 years and relatively low age dependency).
Results indicate, however, that the inclusion or omission of censored observations can
have a substantial effect on parameter estimates, far more than other decisions about
specifics of sampling.
Keywords Age dependency · Cedar Fire · Fire ecology · Hazard function · Spatial
analysis · Weibull model
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1 Introduction
For millennia, fire has been one of the most important natural processes in terrestrial ecosystems across the planet. Many plant species have developed adaptations to
recurring fires, such as thick bark that provides protection from heat and combustion,
and seed banks that require heat or chemical cues from fire for germination (Bond
and van Wilgen 1996). Since Euro-American settlement, North American ecosystems
have been subject to a variety of management regimes, including logging, grazing, fire
suppression, elimination of Native American ignitions, and expansion of the urbanwildland interface, all of which have directly and indirectly affected the process of fire
on the landscape. Today, it is accepted that an understanding of past fire patterns can
provide important guidance for contemporary management and restoration of ecosystems. As such, quantitative understanding of past fire occurrence as a cyclical natural
process is often the focus of fire-related studies (Landres et al. 1999; Allen et al. 2002),
and many statistical methods may be applicable. In this article we give a general introduction to fire ecology for statisticians, summarize application of survival analysis to
fire frequency data, and use an unusually complete data set to explore how sensitive
parameter estimates are to choices about sampling and data generation from mapped
fire histories.
Natural processes produce, and are in turn affected by, landscape patterns (Turner
1989), and fire is a prime example. Fire dynamics are complex, exhibiting varying
patterns at different scales of space and time (e.g., Turner et al. 1993; Moritz et al.
2005), leading to substantial challenges for statistical analysis. Fire regime (cf., Gill
1975) characteristics that are often quantitatively estimated include fire frequency,
seasonality, spatial extent, and intensity (i.e., heat release per unit time) (Gill 1975;
Romme 1980; Heinselman 1981; Bond and van Wilgen 1996). A distinction is usually
made between regimes of frequent low-intensity surface fires, which consume leaf
litter and other biomass on or near the ground, and infrequent high-intensity crown
fires that burn or kill the majority of dominant plants. This difference may be captured
through the notion of low and high “severity,” referring to the ecological effects of a
fire, as opposed to physical measurements related to the fire itself. Severity can be a
misleading term, however, as high-intensity crown fires are natural and ecologically
beneficial events in many ecosystems, and a low-intensity event could have negative
ecological consequences in these plant communities. Variation in fire regimes in space
and time has been termed pyrodiversity (Martin and Sapsis 1992), and this natural heterogeneity is important for maintenance of biodiversity in many fire-prone ecosystems
(e.g., Allen et al. 2002). One would therefore like to estimate probability distributions
of all fire regime parameters over a long period of record, allowing characterization
of each and how it may covary with others (e.g., season and spatial extent).
Of the statistical methods used in fire-related analyses, collectively termed pyrostatistics here, survival analysis (Smith 2002; Lawless 2003) of fire interval data has
become one of the most common. Survival analysis is typically called fire frequency
analysis in the fire science literature, where fire events are considered “deaths” and fire
intervals represent survival times (Johnson and Gutsell 1994). Much fire research has
focused on a central tendency of fire intervals, most commonly the average fire interval
or period between successive fires. This emphasis may reflect an assumption that the
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chance of burning (the hazard function) increases with time since the last fire, which
may correspond to the age of the forest stand, so that less frequent fires will result in
greater fuel accumulation, higher fire intensities, and possibly larger spatial extents
burned. However this assumption is not necessarily true, particularly for ecosystems
that naturally experience high-intensity fires during extreme fire weather episodes or
other climatic anomalies, so that chance of burning is not primarily driven by time
since the last fire (e.g., Johnson 1992; Moritz 2003; Schoennagel et al. 2004). In these
crown fire ecosystems, there is a basic tradeoff in the relative importance of fire regime
controls (Bessie and Johnson 1995; Moritz 2003), meaning that the age and spatial
patterns of vegetation are less of a constraint to fire ignition and spread under certain
weather and climatic conditions. Many fire history analyses have thus been aimed at
understanding the strength (or lack thereof) of fuel age in driving fire hazard, to move
beyond single central tendency measures to more complex understanding of variation
in fire intervals and heterogeneity in fire interval distributions.
Due to the growing use of survival analysis in fire-related research, coupled with
increasing availability of mapped fire atlas data in geographic information systems
(GIS), our goal is to review and to examine some of the issues encountered in applying
these methods to mapped fire interval data. We start by summarizing the types of data
and some historical background of fire frequency analysis. Then we summarize use
of the Weibull model for fire frequency analysis and give a case study on fire interval
distributions related to the massive Cedar Fire of 2003 in southern California. In particular, we assess possible sensitivities to sampling densities, censoring, and different
spatially explicit methods of data generation for estimating fire interval distributions.
By raising awareness of these issues, we hope to stimulate discussion and to make a
small contribution to fire frequency analysis as a major branch of the pyrostatistics
tree.

2 Fire interval data
The most common types of data for fire frequency analyses can be generated from
point samples or from area-based map data. Fire interval distributions are often
derived from stand age data on static time-since-fire maps, which provide a snapshot of the landscape at a specific time (e.g., Johnson and Larsen 1991; Reed et al.
1998). This approach is most applicable to fire regimes that are dominated by standreplacing events (e.g., crown fire ecosystems), so that the age of trees is equivalent
to the time since the last high intensity fire. In addition, fire interval distributions
have been generated directly from fire scars in tree ring data, which can record the
time between successive fire events (e.g., Clark 1990; Grissino-Mayer 1999). This
approach is most useful in low intensity surface fire ecosystems where enough trees
faithfully record fire events to characterize a study area. In some studies investigators have used small sample sizes or sought trees that seemed to provide rich data
sets (i.e., old trees with many recorded fire scars), but these approaches have been
criticized as possibly biased and non-random samples of the fire record (Johnson and
Gutsell 1994; Baker and Ehle 2001). Overlapping mapped fire events in a GIS also
allow one to examine the entire population of areas burned at different fire intervals
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(e.g., Baker 1989; Polakow and Dunne 1999; Moritz 2003), an opportunity that we
take advantage of later in this article.
Fire interval data can be complete (i.e., bounded on both ends with known dates),
but this is not always the case (Polakow and Dunne 1999). For example, successive
fire scars in tree ring data can provide complete and uncensored fire intervals, as can
the times between mapped fire events in a GIS. However, data on time since last fire
on a static stand age map represent right-censored intervals, as the next fire has not yet
occurred. Right-censored intervals are also obtained by the time from the beginning
of a known fire history to the first known burn (e.g., first fire scar on a tree or first
mapped fire event in a fire atlas), which again gives a (right-censored) lower bound
on a fire interval.
3 Fire frequency analysis
Earlier research on fire frequency analysis (e.g., Van Wagner 1978; Johnson 1979;
Yarie 1981; Johnson and Van Wagner 1985; Clark 1989, 1990) has established the role
of the Weibull distribution. One useful aspect of the Weibull is that it has the exponential distribution as a special case, a non-unique feature that is shared by the Gamma.
The exponential distribution has a constant hazard function and thus represents a null
hypothesis that hazard of burning is independent of time since last fire, a hypothesis
that has led to substantial debate among fire ecologists. The Weibull has also played
a role in models of fire as a disturbance agent, based on renewal theory and survival
analysis (e.g., Cox 1962; Pielou 1977; Cox and Oakes 1984). Despite the popularity of
the Weibull model, and recent software allowing a limited form of fire frequency analysis on tree-ring data (Grissino-Mayer 2001), its use is primarily phenomenological.
McCarthy et al. (2001) proposed other models based on theoretical considerations,
such as the fact that the Weibull can not represent an asymptotic maximum hazard
of burning with age, which may be biologically realistic for some cases; however,
they point out that in practice distinguishing between types of distributions will be
challenging. Schoenberg et al. (2003) have also provided a non-parametric estimation
of the probability of burning versus the age of fuels, in addition to estimates for other
variables at a particular location (i.e., temperature, fuel moisture, and precipitation).
3.1 The Weibull model
Several current papers cover the basic application of the Weibull model to fire interval
data (Johnson and Gutsell 1994; Grissino-Mayer 1999; Polakow and Dunne 1999;
Moritz 2003) so we will give only a brief description of methods here. The Weibull
cumulative density function, or probability that a fire interval is less than time span t, is
F(t) = 1 − exp(−(t/b)c ),

(1)

with b > 0, c > 0, which has density function
f (t) =
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Fig. 1 Fire interval distributions and the Weibull model (parameter b fixed arbitrarily). Higher values of c
reflect lower probabilities of burning in younger fuels and the majority of burning in middle-aged fuels; less
of the landscape survives beyond the middle-aged “peak” of burning, so probabilities are again reduced for
older fuels (left panel). Parameter c also controls the shape of the cumulative form and the hazard function
(middle and right panel)

The survival function, 1 − F(t), or probability that a fire interval is at least t, is conventionally denoted A(t) in fire frequency analysis (e.g., Johnson and Gutsell 1994).
The hazard function, λ(t), which gives the instantaneous rate of burning at t given
burn interval of at least t, is called the “hazard of burning,” partly to distinguish it from
the forestry term “burn hazard” (Reed et al. 1998). For the Weibull,
λ(t) =

ct c−1
f (t)
=
A(t)
bc

(3)

Several parameter interpretations are of interest for fire frequency analysis (Fig. 1). The
scale parameter, b, gives the 63.2 percentile of fire intervals (i.e., F(b) = 63.2) and thus
represents a measure of the characteristic time scale of a fire regime. A question of great
ecological interest has been whether hazard of burning depends on stand age. The case
c = 1, corresponding to an exponential distribution (often called “negative exponential” in the fire frequency literature, cf. Johnson and Gutsell 1994) of fire intervals, has
constant hazard of burning (i.e., not dependent on stand age). The range c > 1 describes
increasing hazard of burning over time, with c = 2 reflecting linear growth in hazard
with time since the last fire. The range 0 < c < 1 is generally not considered realistic
for fire interval distributions, although some vegetation types could conceivably display a decreasing hazard beyond some point in their development (e.g., McCarthy et al.
2001; Odion et al. 2004). An additional metric often used for comparison is the median
Weibull fire interval (MEI; Grissino-Mayer 1999; Murthy et al. 2004), given by,
MEI = b(ln2)(1/c)
It is important to note that when all fire intervals from all (randomly sampled)
locations are included in the analysis, then f (t) represents the probability density
over space and time of fire intervals for a given landscape. This distribution reflects a
complex stochastic process of ignition, spread, and regrowth dynamics that can create
a mosaic of overlapping burned areas from different fires through time. To address
some of the complexities inherent in fire frequency analysis, application of survival
time models to fire interval data has seen steady advancement of methods. Early
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applications did not include censored data in the likelihood function. Polakow and
Dunne (1999) incorporated censored data, and Polakow and Dunne (2001) considered
the case where all data are censored using recurrence-time ideas. Reed et al. (1998) and
Reed (2001) considered change points that are known or estimated, respectively, in
fire frequency parameters for time-since-fire data. Their models, and that of Reed and
Johnson (2004) for fire-scar intervals, combined a survival time model (exponential)
for time-to-ignition with overdispersed binomial models for the number of trees that
burn given an ignition; these studies represent steps toward incorporating mechanistic
considerations into statistical fire models.
Relatively little work has been done with spatial covariates that may affect hazard of
burning in fire frequency analysis, with an early exception by Clark (1990), who used
a Cox proportional hazards model for effects of slope and aspect. Some other types
of fire studies use shorter, more recent, highly detailed records of observed fires to
model probability of ignition as a function of local (e.g., fuel load) and regional (e.g.,
weather) variables, which requires consideration of spatial covariates and non-independence (Wagner and Fortin 2005). This has been handled, for example, by Chou et
al. (1993) by including a neighborhood measure of burned units in the model. Others
have included additional variables by including a smooth non-parametric spatial effect
on probability of burning (Preisler et al. 2004). Most fire history analyses attempt to
control for potential spatial covariation by stratifying sampling of sites by environmental variables (e.g., for tree-ring data) or by constraining the study area to relatively
homogeneous regions (e.g., for mapped fire perimeter data). Further incorporation
of spatial covariates into fire frequency analysis could add important insights into
understanding of fire patterns.
The examples in this article are not intended to extend modeling methods but rather
to examine how the most commonly used method—the basic Weibull model—may be
sensitive in a real data set to sampling density, inclusion of censored data, and use of
historically rich versus only the most recent fire data. Next we summarize the Weibull
likelihood function, followed by our sensitivity comparisons.

3.2 Data and Weibull likelihood
Data are typically a combination of uncensored and censored fire intervals. Let Ti
be the time for measurement i and δi be a censoring indicator equal to 0 if Ti is an
uncensored fire interval and 1 if Ti is a (right) censored lower bound on a fire interval,
such that fire interval i is at least Ti . Data may be censored for two reasons: (1) if the
last time a tree or landscape patch burned is known, and it has not burned again at
the time of data collection, then the time-since-burn (Ti ) is a right-censored fire-interval; and (2) the fire interval (Ti ) from the beginning of the period of record until the
first-recorded burn is also right-censored, because it burned previously at an unknown
point in time. The case where a measured observation did not burn during the entire
study period gives double-censored data (Polakow and Dunne 1999; Lawless 2003),
and is not considered here or in our case study.
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The factor contributed to the likelihood from datum i is,

Li =



ct c−1 b−c exp − (t/b)c δi = 0


exp − (t/b)c
δi = 1

(4)

giving the total likelihood,
L=

N


Li

(5)

i=1

The factors in (4) from uncensored data (δi = 0) are the Weibull pdf for known values
of Ti , while the factors from censored data (δi = 1) are probabilities that an interval
is at least Ti . This is a standard likelihood for Type 1 right-censored data (Polakow
and Dunne 1999; Lawless 2003). Lawless (2003) shows that although the randomness
of the censoring process must also be considered, it drops out of the likelihood for
estimating the survival time distribution in many cases. It is interesting that for fire
intervals, the censoring is related to a fire interval prior to the one being measured,
which may lead to consideration of recurrent event models, but these have not been use
much to date (but see Polakow and Dunne 2001). The examples here use maximum
likelihood estimation of b and c from maximizing (5).
4 The Cedar Fire of 2003
4.1 Study area and fire history
Our study area consisted of ∼110,000 ha of land that burned within the perimeter of the
Cedar Fire of 2003, east of the city of San Diego (Fig. 2), which is dominated by chap-

Fig. 2 Study area map and the Cedar Fire data. All past overlapping fire polygons were overlaid and
intersected to create a single layer of smaller polygons, each with its own fire history (see inset example).
Fire interval distributions could then be generated by using all historical events, or only just the most recent
areas burned in 2003
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arral shrubland species. The climate for this area is generally of Mediterranean type
and characterized by warm, dry summers and mild, wet winters. Continental air masses
influence climate more in the interior uplands, while maritime climates dominate near
the coast, with a gradient of influence between. Elevation within the fire perimeter
ranges from 40 m to 1,979 m. Between the months of September and November this
area typically experiences several Santa Ana wind events, which are characterized by
low relative humidities, high temperatures, and sustained high velocity winds from
the east (Schroeder et al. 1964).
We acquired digital data in GIS format for the Cedar Fire, including fire perimeter
and progression maps, from the California Department of Forestry and Fire Protection
(CDF), Fire Resource and Assessment Program (FRAP). Accuracy of the Cedar Fire
perimeter data had reportedly been verified by fire agency personnel who worked on
the fire. We also acquired the statewide mapped fire history database through 2004
from FRAP, though only fires prior to and including the Cedar Fire were included in our
analysis. The period of record for this database varies across the state, but the area of
the Cedar Fire has been reliably mapped since ∼1910. Fires in the statewide database
have been compiled from federal agencies with minimum size of 10 acres (∼4 ha), and
from CDF records with a 300 acre (∼120 ha) minimum size (CDF, 2004), meaning
that the minimum mapping unit for a particular study area may vary. Although this
is a source of uncertainty in the data, the smallest fires do not contribute much to the
overall area burned, and their inconsistencies and omission are assumed not to have a
substantial effect.

4.2 Scenarios examined
4.2.1 How different are the fire interval distributions from all past overlapping
fires versus those from only the most recent fire intervals?
In theory, for a large landscape in a stochastic equilibrium such that the distribution
of fire intervals across the landscape changes little, one might expect that similar fire
interval distributions would be generated from overlapping fires through time, versus
using only the latest fire intervals measured via the present age surface. In reality,
study areas are limited, and intervals due to a single large event such as the Cedar Fire
might be expected to have a different distribution than that generated from a record
of all past intervals through time in the same location (Fig. 2). Indeed, Johnson and
Gutsell (1994) suggested caution in interpreting time-since-fire data with more than
1/3 of the area burned in a single event. In practice, fire ecologists often have only one
type of data or the other. The unusually complete Cedar Fire data allows us to compare how different fire interval distributions would be from historically more complete
overlapping event data versus only the most recent intervals burned in 2003.
To make this comparison, all past historical fire perimeter polygons within the
boundary of the Cedar Fire extent were self-intersected to create a layer of new,
non-overlapping polygons, each “splinter” of the landscape with a unique fire history
(Fig. 2). This complex layer formed the basis for two types of data: (1) An age surface
dataset (AGESURF), with each polygon reflecting the associated age of vegetation at
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the time of the Cedar Fire in 2003; and (2) An overlapping fire interval dataset (OVERLAP), with each polygon recording all past fires (and the corresponding fire-free intervals) from the beginning of the period of record up to and including the Cedar Fire. The
AGESURF fire interval distribution (Fig. 3a) is analogous to the time-since-fire map
often used in studies of boreal forest fire regimes, which are stand-replacing (Johnson and Gutsell 1994). (Note that in this case, the time-since-fire distribution actually
equals the age-at-burn distribution, since all areas burned in 2003). The OVERLAP

Fig. 3 Mapped fire history patterns within the Cedar Fire of 2003. Panel A represents the age surface of
patches burned in 2003, the only data used in generating the AGESURF fire interval distribution. Panel B
indicates the number of times burned since 1910 in the same study area, with each successive overlapping
fire generating a new set of intervals to add to the OVERLAP distribution
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fire interval distribution is representative of datasets used in many other fire regime
analyses (e.g., Baker 1989; Grissino-Mayer 1999; Polakow and Dunne 2001; Moritz
2003), where intervals are based on repeated fire events in the past (Fig. 3b).
4.2.2 How different are fire interval distributions when censored data are omitted
versus included?
In theory, if a record of complete fire intervals has good coverage of most of the true
distribution, then including or omitting censored intervals from the beginning and
ends of the data could amount to only a sample size issue; more data should be a bit
more informative, but perhaps not to much practical effect if the complete data are a
representative sample. In contrast, if the complete intervals undersample the long end
of fire intervals, then the only information about long fire intervals may be contained
in the censored samples. In that case, omitting the censored samples would lead to
marked underestimation of the fire interval distribution.
Many fire frequency analyses have omitted certain intervals. For example, in tree
ring-based studies using the common FHX2 tree ring analysis software
(Grissino-Mayer 2001), the first interval from pith to fire scar is usually ignored,
but this is because it is assumed the tree was not susceptible to scarring during that
period. It is also possible to omit the last incomplete (censored) interval in FHX2 (e.g.,
commonly bounded by the year 1880; Grissino-Mayer 1999). Fire frequency analyses of mapped fire data have also omitted censored observations (e.g., Baker 1989;
Moritz 2003), as have some that are based on stand age maps (e.g., Finney 1995).
The assumption in omitting censored observations is presumably that they add little
information or that the interval data from uncensored observations is representative
of the fire regime as a whole. Therefore it is of practical interest to examine how big
a difference including or omitting censored data makes, so we analyzed the Cedar
Fire data with and without censored data, for both the OVERLAP and AGESURF
scenarios.
A substantial portion of the area that burned in the Cedar Fire had not burned in
the period of record, resulting in censored observations that were at least 93 years of
age (1910–2003; Fig. 3a), so it is reasonable to suspect that censored samples might
add important information to the data. These censored observations, which are all
relatively old, are relevant to both the AGESURF and OVERLAP data scenarios. The
OVERLAP scenario can also include censored observations from the beginning of the
known fire record (i.e., 1910) to the first mapped fire in a given location, as well as
all subsequent fire (complete) intervals up to the present. Since all data end with the
Cedar Fire, there were no doubly censored intervals from the end of the data (i.e., no
locations with unknown time of next burn).
4.2.3 How does spatial sampling density affect accuracy of fire interval
distributions?
One of the basic practical problems facing fire researchers is the amount of effort
required for data collection. In theory, a sparse sampling scheme should lead to more
variance in parameter estimates relative to a dense sampling scheme; however, this
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Table 1 Scenarios examined in case study
Interval generation
methods

Grid spacings (m)

Grid sample locations

Handling of
incomplete observations

Age surface, overlap

100, 400, 1,200

Center point, cell
majority

Include censored,
omit censored

would add little or no bias, assuming the scheme is well-designed. In practice, it
can be hard to know a priori how dense a sampling scheme must be to obtain usefully
accurate estimates. Given the essentially complete data for the Cedar Fire, we
addressed this question by simulating grid sampling schemes with grid spacings of
100, 400, or 1,200 m. From a random point of reference, a grid at each resolution
was overlain on the self-intersected fire history, and each cell was assigned either a
single interval value (most recent for AGESURF scenarios), or multiple values (all
past intervals for OVERLAP scenarios). Additionally, two different grid cell value
assignment methods were tested, as there are different possible choices for this process in a GIS. The center location method applies the value at the center of the cell,
making each a point observation. The majority method applies the value of the fire
interval that covers the most area in the cell. The AGESURF and OVERLAP data sets
were created with both methods to investigate possible sensitivities of these models
to sample assignment methods.
All combinations of the above interval sampling, censoring, and spatial sampling
density scenarios were examined in the case study and are summarized in Table 1. For
each combination, Weibull parameters c and b were estimated and MEI was calculated.
For the very fine grid resolution of 100 m, the sample was treated as essentially the
complete population of fire intervals. For the larger resolutions, confidence intervals
(CI) were estimated by bootstrapping for the sampled datasets. For CI generation,
the Weibull model was fit repeatedly (n = 1, 000) to random samples of the original
data (with replacement), and 2.5% and 97.5% quantiles were then identified from the
resulting fitted parameter values. Although possibly useful for ecological and management interpretation, differences between distributions were not examined through
goodness-of-fit tests (e.g., Kolmogorov–Smirnov), because our goal was to assess
sensitivities and shifts in individual Weibull parameters under different scenarios.
5 Results
Parameter estimates for the scenarios we examined are shown in Table 2, along with
the 95% bootstrapped CIs where appropriate.
5.1 Sensitivity to sampling methods and spacing
Scale parameter b, shape parameter c, and median Weibull fire interval MEI were quite
insensitive to the cell assignment method (i.e., center point or area majority) used to
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Grid
spacing
(m)

Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit
Include
Omit

Center
Center
Majority
Majority
Center
Center
Majority
Majority
Center
Center
Majority
Majority

Censored
observations

Center
Center
Majority
Majority
Center
Center
Majority
Majority
Center
Center
Majority
Majority

Grid
sampling

1.43
1.77
1.43
1.78
1.46
1.78
1.45
1.79
1.41
1.75
1.47
1.86

1.49
2.14
1.50
2.14
1.50
2.16
1.50
2.15
1.49
2.12
1.56
2.30

c

–
–
–
–
1.44–1.48
1.75–1.81
1.42–1.46
1.76–1.82
1.35–1.48
1.67–1.83
1.41–1.54
1.77–1.95

–
–
–
–
1.47–1.54
2.09–2.22
1.47–1.53
2.09–2.21
1.39–1.60
1.96–2.30
1.46–1.67
2.13–2.50

95% CI for c

* Note: Scenarios have arbitrarily been assigned letters in this column for ease in referencing them in the text

Interval generation method: age surface
A
100
B
100
C
100
D
100
E
400
F
400
G
400
H
400
I
1,200
J
1,200
K
1,200
L
1,200
Interval generation method: overlap
M
100
N
100
O
100
P
100
Q
400
R
400
S
400
T
400
U
1,200
V
1,200
W
1,200
X
1,200

*

60.68
38.58
60.69
38.58
59.00
38.55
61.05
38.81
61.05
38.45
62.86
39.73

66.12
46.72
66.11
46.71
66.02
46.68
66.05
46.69
67.36
47.18
67.14
47.32

b (yr)

–
–
–
–
59.10–60.87
38.13–39.00
60.11–61.92
38.33–39.28
58.56–63.86
37.06–39.84
60.41–65.95
38.41–41.07

–
–
–
–
64.82–67.28
46.09–47.24
64.74–67.29
46.13–47.33
63.93–71.46
45.18–48.90
63.71–71.19
45.59–48.95

95% CI for b

46.99
31.38
46.00
31.39
46.66
31.38
47.34
31.61
47.10
31.17
48.98
32.60

51.75
39.37
51.75
39.37
51.71
39.38
51.73
39.39
52.66
39.69
53.06
40.35

MEI (yr)

Table 2 Parameter values for all scenarios from the Cedar Fire 2003 dataset. The 100 m resolution constitutes the population of fire events, so parameter estimations do not
have CI around them
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Fig. 4 Scenario comparison for grid spacing (1,200 m and 400 m) and fire interval generation method (age
surface and overlapping events). These scenarios are for center sampling with censored observations (i.e.,
Table 2 rows: E, I, Q, U), primarily demonstrating the relatively small effect of changing sample spacing
and the larger effect of interval generation method. A—Weibull parameters. B—Hazard of burning

designate each sample value. For a given treatment of censoring and sample spacing
in a scenario, fitted parameter values were often nearly identical between assignment
methods, varying by only a few hundredths (e.g., Table 2 rows: A vs. C, R vs. T).
This insensitivity is not very surprising at finer scales of resolution (from 100 m to
400 m), as relatively small portions of the landscape that had burned at different intervals are more likely to be captured through finer spatial sampling, regardless of the
cell assignment method. The consistency in parameter estimates was also maintained
after scaling up to the 1,200 m sampling distance, but with larger confidence intervals
reflecting smaller sample sizes. Parameter c showed somewhat more sensitivity to cell
assignment method than either b or MEI (e.g., Table 2 rows: I vs. K), but even these
changes in c are less than ∼5%.
Similar to our findings on the choice of cell assignment methods, we observed
a general insensitivity to the spatial scale of sampling. For example, Fig. 4 demonstrates this insensitivity to sample spacing for two scenario comparisons using 400 m
vs. 1,200 m. A consistent result across scenarios, however, was that the coarsest spatial sampling of 1,200 m produced wider CI for both b and c parameters (e.g., Table 2
rows: E vs. I, S vs. W).
There were more substantial sensitivities and consistent trends observed between
scenarios that used fire intervals generated from age surface data as of 2003, in comparison to overlapping fire events up through 2003. Estimates for parameters b and c
and MEI were all consistently lower for the OVERLAP fire interval dataset than for
the AGESURF one (i.e., Table 2 rows: E–L vs. Q–X), and this difference was almost
always significant according to the estimated 95% CI. Fig. 4 also demonstrates this
somewhat greater sensitivity to fire interval generation method than to sample spacing.
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Fig. 5 Comparison of parameter values, b and c, at the 100 m and 1,200 m grid spacings with and without
censored observations. Inclusion of censored observations significantly affected both parameters in all
scenarios by lowering c and increasing b. Notice the insignificant effect of grid spacing here on b and c
(i.e., OVERLAP data with majority sampling method; Table 2: rows O, P, W, X). A—Weibull parameters.
B—Hazard of burning

5.2 Sensitivity to inclusion of censored observations
The most striking result of our study was that parameter estimates were highly sensitive
to censoring in fire interval distributions. The inclusion of censored observations significantly influenced both Weibull parameters in all scenarios by increasing the scale
parameter b and lowering the shape parameter c; large corresponding increases in MEI
were also observed when censored observations were accounted for in parameter estimation (e.g., Table 2 rows: E vs. F). It is interesting to note that inclusion of censored
observations consistently made CIs for b wider for a given scenario, while making
those for c consistently narrower. The effect of including censored observations was
also more pronounced when fire intervals were generated from the AGESURF method,
in comparison to the OVERLAP method (e.g., Table 2 rows: A vs. B compared to M
vs. N).
To demonstrate how sensitivity to censoring compares to other factors, consider
Figs. 5 and 6, which include the largest increment possible in sample spacing (100–
1,200 m) and changes due to fire interval generation method (AGESURF and OVERLAP), respectively. In both cases, parameter shifts after accounting for censoring far
outweigh those due to the other factors.
6 Discussion
6.1 Spatial independence and spatial patterns
In our case study, it appears that fine-scale mapped patterns in fire history have minimal
influence, regardless of how they are accounted for in sample generation. At increasingly coarse scales of sampling, both the center point and majority area cell assignment
methods are likely to filter out smaller patches within each grid cell, smoothing sub-
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Fig. 6 Comparison of parameter values, b and c, of age surface and overlapping datasets with and without
censored observations. The differences between fire interval distributions generated from age surface data
versus overlapping fire data are more pronounced when censoring is not included in the analysis, as shown
here in the 1,200 m spacing scenarios (i.e., center point sampling method; Table 2: rows I, J, U, V). A—
Weibull parameters. B—Hazard of burning

grid cell heterogeneity in fire interval data; however, the area majority method will
always result in the dominant age class, while the center point method may still select
the age class of a small patch by chance. Regardless, it would seem that the key relationship of interest here is the characteristic size of mapped fire polygons in relation
to the size of sampling units used in an analysis. For example, in the CDF mapped fire
history database, some areas are subject to a ∼120 ha minimum mapping unit for fire
events to be included. Because this size limit is roughly equivalent to the 1,200 m grid
cell spacing, it is possible that the influence of cell assignment method would be more
pronounced at spatial sampling distances larger than this already quite coarse resolution. Even so, a sensitivity to the possible inclusion of small patches should have been
most obvious for the comparison of OVERLAP versus AGESURF methods for fire
interval generation at the coarsest scale. This is because the overlapping event dataset
creates and uses many more small “slivers” of the landscape that could contribute to
fire interval distributions (Figs. 2 and 3b). Differences between cell assignment methods were relatively small, though, even if close to being outside 95% CIs for b and c
(e.g., Table 2 rows: U vs. W).
The importance of statistically valid sampling designs is clear and well-supported
for fire frequency analyses (Johnson and Gutsell 1994; Reed et al. 1998; Reed 2001;
Reed and Johnson 2004), but how to deal with the scale of spatial dependence is not.
Although sampling design decisions are not as critical when one has the population of
fire history mapped, as we do here, spatially independent sampling is a key concern
in landscape ecology research. From our case study, one could apparently sample at
any spatial scale ranging over an order of magnitude (i.e., 100–1,200 m) and ignore
many of the smaller patches on the landscape (i.e., using area majority assignment),
with relatively minor impacts on final parameter estimates. We do not know how our
results would change with coarser sample spacing or on landscapes with much smaller
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patch sizes. Reed (2001) also examined a similar issue in case studies of different fire
interval data subsets (from a complete mapped population), finding that sensitivities
varied by location and typical patch size on the landscape.
Another scale-related question is whether one needs to deliberately account for
patches of different sizes that make up the fire history population. Polakow and Dunne
(1999) discuss the rationale for reducing landscape patches to point observations and
for eliminating patches with identical fire histories as pseudoreplicates. While this
seems logical for studies with many observations and relatively similar patch sizes on
the landscape, such a sampling approach will result in losses of very large amounts of
data in some situations, and it ignores the importance of larger patches in shaping fire
interval distributions (e.g., large patches in Fig. 3a). In general, one should not be faced
with decisions about eliminating patches of various sizes when one has the mapped
population of fire events. This issue does raise questions about what constitutes an
observation, if one is resampling data for some reason (e.g., to change spatial scale or
to perform bootstrapping), and it highlights an area for future work.
6.2 Ecological interpretation
As Polakow and Dunne (1999) have pointed out, censored observations can contain
important information and should be accounted for in parameter estimation. In our
case study using data from the 2003 Cedar Fire, we also found that inclusion of censored data had a relatively large influence on results. Unlike Polakow and Dunne
(1999), however, we found the shape parameter c to decrease after inclusion of censored observations, regardless of the scenario in question. Sensitivity to censored data
was especially pronounced when many very old observations were added (e.g., the
long unburned patches on the eastern edge in Fig. 3a) in the age surface method of
fire interval generation.
The inclusion of older censored observations increases the estimated typical age at
burn, reflected by higher b values. The observed lower c, which drives the rate at which
hazard of burning increases with age, implies that the chance of burning in a given year
increases more slowly with time since the last fire (e.g., Figs. 5 and 6). In terms of the
shape of a fire interval distribution, it demonstrates that adding censored observations
can tend to flatten out the density function f (t) (Fig. 1), pushing the distribution closer
to c = 1 (i.e., age-independent). As has been shown in previous analyses (e.g., Moritz
2003; Moritz et al. 2004), burning through younger age classes can result in lower c
values and thus a lower degree of age dependency in a fire regime; we see here that
adding older, censored observations can also result in the same interpretation.
6.3 Concluding thoughts
The increasing availability of digital fire atlases with overlapping fire events has the
potential to add significantly to our understanding of how fire has operated on the
landscape (Morgan et al. 2001). Our case study has shown, however, that there can
be substantial sensitivities to details of how fire interval distributions are generated
and analyzed. Admittedly, the generality of our findings is not known. Parameter
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estimates for the area burned by the Cedar Fire of 2003 were in the general range
of previous fire frequency analyses on chaparral-dominated shrublands in southern
California (Polakow et al. 1999; Moritz et al. 2004), reflecting a less age-dependent
dynamic than many have traditionally assumed. Regardless, several questions remain
in regard to these statistical methods. If we decide to use incomplete observations in
fire frequency analyses, how do we interpret the results? Will current age surfaces
adequately characterize the fire frequency for an area, or do overlapping past intervals
improve these estimates? There is widespread use of survival analysis in examining
fire interval distributions, and our hope here is to have added some insight into the
effects of sampling decisions related to spatially explicit fire history data. Because
results can be interpreted for ecosystem management and have real implications, a
better understanding of inherent sensitivities in these techniques is essential.
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