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Abstract. Tree-age data in combination with fire scars improved inverse-distance-weighted spatial modelling of
historical fire boundaries and intervals for the Darkwoods, British Columbia, Canada. Fire-scarred trees provided direct

evidence of fire. The presence of fire-sensitive trees at sites with no fire scars indicated fire-free periods over their lifespan.
Sensitivity analyses showed: (1) tree ages used in combination with fire-scar dates refined fire boundaries without biasing
mean fire return intervals; and (2) compared with derived conservative, moderate and liberal thresholds (i.e. minimum
burn likelihood cut-off values), fixed thresholds generated area burned estimates that were most consistent with estimates

based on the proportion of plots that recorded historical fires. Unweighted and weighted spatial mean fire intervals (50–56
and 58–68 years respectively) exceeded dendrochronological plot-level (38-year) estimates based on fire scars only.
Including tree-age data from fire-sensitive trees to calculate landscape-level fire interval metrics lengthened the mean

return intervals, better representing historical high-severity fires. Supplementing fire scars with tree ages better reflects the
spatiotemporal diversity of fire frequencies and severities inherent to mixed-severity fire regimes.
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Introduction

Forest managers are increasingly mandated to conserve biodi-

versity and sustain ecosystem function while maintaining
renewable resources (Christensen et al. 1996). Efforts have
redoubled in light of a changing global climate and as contem-

porary research unveils the degree to which forest structures
have changed as a result of 20th-century management (Stephens
et al. 2013). With fire as a dominant agent of disturbance,

understanding the temporal and spatial patterns of historical
fires can inform management strategies that aim to sustain or
restore the resilience of fire-adapted ecosystems (Turner 2010).
Reconstructing historical fires is a first step in achieving these

goals (Swetnam et al. 1999).
Fire interval statistics are the traditional tools used to

describe the temporal variability of surface fire regimes, as

recorded by fire-scarred trees (Dieterich 1980; Swetnam et al.

1999). The mean fire interval (MFI), the mean number of years
between successive fires at a site, is a common measure of fire

frequency (Dieterich 1980; Agee 1993). MFI describes fire
occurrence at various temporal (e.g. annual, decadal and cen-
tennial) and spatial (e.g. tree, stand and landscape) scales (Falk

2004; Falk et al. 2007).
At the individual tree level, the smallest unit of measure in

studies of fire history, fire frequency is quantified by the mean
point fire interval (MPFI) (Agee 1993; Baker and Ehle 2001).

The MPFI is calculated by averaging the time between fire
events on trees with multiple fire scars. Although fire scars

provide affirmative evidence of the occurrence of fire at discrete
point locations, trees are not perfect recorders of fire (Dieterich
and Swetnam 1984; Swetnam and Baisan 1996). Fire scars may

fail to form if cambial damage does not occur (Van Horne and
Fulé 2006; Stephens et al. 2010), or may be erased from the
record by subsequent fires, mechanical damage, or wood decay

(Parsons et al. 2007). Therefore, the intervals calculated from
individual trees are subject to false negatives (Farris et al. 2010),
potentially overestimating fire intervals and underestimating
fire frequency (Baker and Ehle 2001).

Errors in fire frequency calculated at the tree level can be
offset by combining fire interval data from multiple trees into
composite mean fire interval (CMFI) records representing

broader spatial scales (Dieterich 1980; Parsons et al. 2007).
The CMFI is typically generated at the plot or study site level,
representing intermediate-scale assessments, but may also be

generated across a watershed or landscape, representing coarse-
scale assessments. Composited fire interval data have been
shown to increase the likelihood of obtaining complete invento-

ries of major fires (Baker and Ehle 2001; Farris et al. 2010).
However, the composite approach also has limitations, as fire
frequency varies with spatial scale (Falk 2004; Falk et al. 2007)
and is highly dependent on research, sampling design and the
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statistical methods of analysis (Baker and Ehle 2001; Reed and
Johnson 2004; Farris et al. 2010). As frequency metrics depend
on the size of the sample unit, the CMFI approaches 1 year as the

sampling area increases from plot to watershed and landscape
scales (Falk 2004; Kou and Baker 2006; Falk et al. 2007). Thus,
to directly compare CMFI statistics within and among studies,

the research design, the size of sampled units, methods for
selecting trees and sample sizes within sample units must be
carefully considered.

Kernan and Hessl (2010) introduced the spatial mean fire
interval (SMFI) as a technique for investigating spatiotemporal
variability in fire, using a geographic information system (GIS).
An SMFI is a spatially explicit method for calculating and

representing MFI and is constructed by interpolating between
fire-scar point data. Though an SMFI cannot address false
negatives associated with individual tree-level analysis, it com-

pensates for the potential loss or lack of fire-scar evidence by
estimating burn perimeters in unsampled areas between fire-
scarred trees (Kernan and Hessl 2010). SMFI maps supplement

traditional fire interval statistics by providing spatially continu-
ous and heterogeneous estimates of fire frequency, enabling
managers to better characterise historical fire regimes and

visualise the relationships between fire and topography (Kernan
and Hessl 2010).

Mapping fire boundaries

Hessl et al. (2007) compared several techniques for mapping

historical fire boundaries. The most common approach, the
‘expert’ approach, requires fire behaviour experts to draw fire
boundaries by hand based on point locations of fire-scarred

trees, relative to their topographic situation and surrounding fuel
loads. This method provides ecologically meaningful results,
but is time-consuming and subject to human bias due to differing

interpretations of fire behaviour among experts. Three less-
subjective, computer-based techniques for mapping historical
fire boundaries from point data were also assessed: Thiessen
polygons, indicator kriging and inverse distance weighting

(IDW). Although the simplest to parameterise and the least
computationally intensive, the Thiessen polygon method pro-
duced results that were not ecologically meaningful in broad-

scale studies. Fire burn shapes were unrealistic, preventing
additional analysis on spatial pattern. The indicator kriging
method produced ecologically meaningful results, but suffered

from a high degree of subjectivity inmodel parameterisation and
was computationally intensive. IDW was found to produce the
best overall results, requiring some subjective parameterisation,
but was otherwise the most efficient, ecologically interpretable

and relatively accurate method for reconstructing spatial pat-
terns of historical fires (Hessl et al. 2007; Swetnam et al. 2011).

Using presence of fire-sensitive trees to reconstruct
historical fires

In areas subject to mixed- and high-severity fire regimes, fire-
scar evidence may be uncommon or missing from forest stands,

limiting the use of fire scars in reconstructions of the historical
fire regime. This is particularly problematic in subalpine forests
that are dominated by fire-sensitive tree species including
Engelmann spruce (Picea engelmannii Parry ex Engelm.),

subalpine fir (Abies lasiocarpa (Hook.) Nutt.) and lodgepole
pine (Pinus contorta Doug. ex Louden) (Alexander 1987;
Keeley 2012). Attributes such as thin bark, shallow root sys-

tems, the persistence of dead lower limbs, and the horizontal and
vertical arrangements of fuels make stands of these species
highly susceptible to severe injury and death by fire (Alexander

1987; Schoennagel et al. 2004; Keeley 2012). Given the cool,
mesic climate of high-elevation forests, the risk of fire is lower
than in warmer, low-elevation forests. During the subsequent

long intervals between consecutive fires, forests mature and
accumulate fuels, contributing to high-severity impacts on fire-
sensitive trees when they do burn (Alexander 1987; Schoennagel
et al. 2004). In these forests, the presence of fire-sensitive

species that rarely form scars or survive fire provides strong
evidence of an absence of fire over their lifespans.

In the current study, we reconstructed historical fire bound-

aries and generated SMFI surfaces using aGIS, and fire-scar and
tree-age data that were collected in mixed-conifer forests under
a mixed-severity fire regime. These forests spanned a broad

elevation gradient, including warmer, drier forest types in the
lowest elevations, and cooler, wetter subalpine forests in the
highest elevations. Although previous studies have used IDW

analyses to investigate the spatial attributes of historical low-
and mixed-severity fires (Hessl et al. 2007; Kernan and Hessl
2010; O’Connor et al. 2014), these studies were based on
fire-scar evidence alone. Multiple lines of evidence, including

fire-scar and tree-age data, have been shown to benefit recon-
structions of historical mixed-severity fire regimes (Margolis
et al. 2007, 2011; Margolis and Balmat 2009). Currently, only

one study has investigated the effects of including ages of fire-
sensitive trees in IDW interpolations to model the high-severity
components of a mixed-severity fire regime (Yocom-Kent et al.

2015). In their analysis, Yocom-Kent et al. (2015) applied tree-
age data from fire-sensitive trees as surrogates for the lowest
value for the year of the last stand-replacing fire. As the tree
species in our study can establish following a range of distur-

bances (Kulakowski et al. 2003; Axelson et al. 2009, 2010) and
in relation to climatic variation independently of disturbance
(Brown and Wu 2005; Brown 2006; Brown et al. 2008;

Swetnam and Brown 2011; Heyerdahl et al. 2014), we devel-
oped methods that required no a priori claims as to the causal
agent or date of origin of high-elevation stands. Specifically, we

incorporated the ages of fire-sensitive trees as proxies for fire-
free periods in our spatial analyses.

To assess the efficacy of reconstructing mixed-severity fire

regime attributes using a GIS and IDW, we tested the effects of
novel input data and model parameterisation on model outputs.
We first tested the effect of including fire-sensitive tree ages
(evidence of fire absence) with fire scars (evidence of fire

presence) on modelled fire boundaries and SMFI estimates.
Second, we tested how parameterisation of the model changed
the number of fire polygons, area burned and SMFIs. Specifi-

cally, we contrasted three derived thresholds (i.e. minimumburn
likelihood cut-off values; Hessl et al. 2007) with a fixed fire-
boundary threshold. Finally, to assess the quality of the spatially

interpolated firemetrics, we compared themodelled area burned
and fire interval estimates against metrics derived from
composited fire-scar data using standard dendrochronological
methods (after Farris et al. 2010). We predicted that including

Spatial modelling of historical mixed-severity fires Int. J. Wildland Fire 137



age data from fire-sensitive trees would: (1) produce generally
smaller burn polygons as compared with IDWmethods that only
include fire-scar data; and (2) lengthen fire return intervals

across the study area compared with traditional CMFI
calculations.

Methods

Study area

The study site is a 3870-ha portion of the south-easternmost
watershed of the Darkwoods, a 55 000-ha property owned and
managed by the Nature Conservancy of Canada. Located on the

leeward side of the Selkirk Range and the western side of the
Creston Valley (498120N, 1168410W; mean elevation 1670 m
above sea level (asl)) (Fig. 1), the study site is generally east-

facing, with terrain varying from barren, rocky peaks and gentle-
to-moderate slopes in the high elevations (maximum 2875 m
asl), to steep drainages and exposed rocky outcrops in the lower
elevations (valley bottom 468 m asl). From valley bottom to

altitudinal tree-line, vegetation is a complex mix of conifers.
The lower elevations are dominated by ponderosa pine (Pinus
ponderosa Doug. ex C. Laws. var. ponderosa Engelm.) and

Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco var. glauca
(Beissn.) Franco) in the warmer and more complex terrain
(e.g. rocky outcrops), and by western red cedar (Thuja plicata

Donn ex D. Don) and western hemlock (Tsuga heterophylla

(Raf.) Sarg.) in the cooler, more mesic areas (e.g. along
drainages). Mid-elevations are co-dominated by western larch
(Larix occidentalis Nutt.) and Douglas-fir on the warmer

aspects, and western red cedar and western hemlock on the

cooler aspects. Subalpine forests in the highest elevations are
co-dominated by Engelmann spruce and subalpine fir, with
isolated stands of western larch. Lodgepole pine is subdominant

across the mid- and high elevations.

Research design and sampling

In the summer of 2010, we established a 1 � 1-km systematic
grid, spanning 11 km east–west, 8 km north–south, and the full

elevation gradient of the study area (Fig. 1). The south-east
corner of the grid was randomly placed within 500 m of the
south-easternmost corner of the Darkwoods property using a

GIS. Within a 500 m-radius surrounding each grid intersection
point (n ¼ 40), we established a 1-ha research plot (Fig. 1).
Following field reconnaissance, each plot was centred on fire-

scarred trees that showed minimal degradation due to decay,
were safe to sample and were not wildlife trees. Five ‘supple-
mental’ plots were also established at intermediate points within
the grid. Two supplemental plots were at elevations .1700 m

asl, and included trees with multiple fire scars, although the
surrounding plots did not include scarred trees. Three supple-
mental plots were at lower elevations and were used to enhance

the resolution of fire boundary reconstructions.
At 30 plotswith fire-scarred trees (hereafter ‘fire-scar’ plots),

we removed full or partial cross-sections from up to seven snags,

stumps, logs and live trees (hereafter ‘trees’) with the greatest
number of visible fire scars (mean � s.e. ¼ 4.6 � 0.2 trees
plot�1). At 15 plots with no fire scars (hereafter ‘tree-age’ plots),
the 10 canopy-dominant trees closest to the plot centre were

sampled for species and age. Trees were cored at 20 cm above
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grid intersection points after surveying each area for fire-scarred trees.
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ground level andmultiple cores were extracted per tree to ensure
they were within ,10 years of the pith. One plot yielded only
one fire-scar sample, so 10 trees were cored as well. Plot

reference points were recorded with a handheld global position-
ing system unit, from which the distance and bearing of each
sampled tree were measured.

Dendrochronological analyses

Fire-scar samples and increment cores mounted on wooden

supports were sanded with 80- to 600-grit sand paper (Stokes
and Smiley 1996). Calendar years were assigned to tree rings
using a combination of visual cross-dating of ring-widths and
cross-correlation of ring-width series using the program

COFECHA (Holmes 1983; Grissino-Mayer 2001). We used
existing regional chronologies for the dominant species (Mather
2010) from which we created new study area- and species-

specific chronologies. Ten cores and five cross-sections could
not be crossdated and were excluded from further analysis.

Fire history was reconstructed from crossdated fire-scar

samples using methods comparable with other studies in the
fire history literature, as follows. We used the position of each
scar relative to the dated sequence of annual rings to determine

the inner ring or pith date, year(s) of fire, and the outer year or
bark date. We assigned dormant-season fires to the previous
calendar year owing to the modern pattern of late-season fires in
the area (J. Naylor, BCWildfire Service, unpubl. data). The fire

recording period for each tree began with the year of the first fire
scar and ended in the year of sampling or death of the recording
tree, representing the period when the tree had open cambial

scars and was susceptible to repeated scarring by fire (Swetnam
and Baisan 1996). Fire records were composited at the individ-
ual plot level and filtered to include only fires that were recorded

on two or more trees in the study area (Heyerdahl et al. 2012;
O’Connor et al. 2014). Analyses were restricted to the period
between 1700 and 2010, when .25% of plots were recording
fire. We used the Fire History Analysis and Exploration System

(FHAES 2.0; Brewer et al. 2015) to calculate the mean, standard
deviation and range of fire intervals (i.e. the number of years
between consecutive fire scars) for the composited fire record.

Of the 150 increment cores from tree-age plots, 71 did not
intercept the pith; we estimated the number of missed rings to
pith (4 � 1 years) using a geometric correction (Duncan 1989).

All pith dates were corrected for the number of years for trees to
grow to coring height (5� 0.2 years) using species-specific age–
height regressionmodels (L. D.Daniels, unpubl. data). Owing to

the absence of fire-scarred trees in all but one of the tree-age
plots, the predominance of thin-barked, fire-sensitive species,
and the location of these trees in the highest elevations, we
assumed these trees would have scarred (n ¼ 20 thick-barked,

fire-tolerant trees) or been killed by fire (n ¼ 130 thin-barked,
fire-sensitive trees) had a fire burned. For these reasons, we
considered the presence of these trees over their lifespan to

represent fire-free periods in all subsequent analyses. The
estimated age of the oldest tree in each plot represented the
fire-free period for each discrete tree-age plot location.

Defining study area boundaries for spatial analyses

All spatial analyses were conducted in ArcGIS 10.3.1 (ESRI
2015) using composited plot-level data. We defined two

separate study area boundaries for our analyses: (1) a smaller
boundary around the 30 fire-scar plots (hereafter referred to as
the ‘traditional’ boundary); and (2) a larger boundary encom-

passing the 45 fire-scar and tree-age plots (hereafter referred to
as the ‘modified’ boundary). Both study area boundaries were
defined using convex hulls (Swetnam andHolmes 1994; Kernan

and Hessl 2010) constructed around plot reference points
(Fig. 1). This approach is different from methods used in recent
studies, where study area boundaries were generated by buff-

ering plot reference points by the minimum distance necessary
to create a single polygon (e.g. 750 m; Hessl et al. 2007; Kernan
andHessl 2010; O’Connor et al. 2014; Yocom-Kent et al. 2015).
Our attempts to use boundaries derived from this buffering

method resulted in extensive overlap with landscape features
that act as barriers to fire spread (e.g. non-vegetated peaks at
high elevations and a river along the eastern edge of the study

area). Using these derived boundarieswould have overestimated
fire sizes and underestimated intervals for our study area.
Instead, we used convex hulls because their smaller sizes and

compact shapes minimised estimation errors. These study area
boundaries were used to ‘clip’ subsequent GIS outputs.

Traditional estimates of fire boundaries and spatial mean
fire intervals

We used IDW algorithms to interpolate fire occurrence between

plot reference points, and to generate burn likelihood surface
maps for each fire year (Hessl et al. 2007; Kernan and Hessl
2010). IDW interpolations were based on binary year � fire

matrices (fire¼ 1, no fire¼ 0; Swetnam et al. 2011) for all plots.
Initially, we used the ‘traditional’ methods reported in the fire
history literature (Hessl et al. 2007; Kernan and Hessl 2010;

Swetnam et al. 2011; O’Connor et al. 2014). Fire likelihood
surfaces were calculated using data from fire-scar plots (n¼ 129
trees in 30 plots), and clipped using the ‘traditional’ study area
boundary. For each fire year, plots including scarred trees were

assigned a value of 1, plots that had trees actively recording but
not scarred were assigned a value of 0, and plots that did not
contain actively recording trees were not included in inter-

polations. IDW then generated a continuous likelihood surface
for each fire year; unsampled areas were assigned values based
on distance-weighted likelihood averages that were interpolated

between the 12 nearest plots. We used a power function of 2 and
a raster cell size of 50 m in all IDW interpolations (Hessl et al.
2007; Kernan and Hessl 2010; Yocom-Kent et al. 2015).

To estimate fire boundaries, threshold values (i.e. burn
likelihood cut-off points) were applied to likelihood surfaces
as minimum selection criteria (Hessl et al. 2007; Kernan and
Hessl 2010). Used in this manner, threshold values represented

the minimum likelihood that a given raster cell was within a fire
boundary. Likelihood values exceeding these threshold values
were reclassified as areas that burned (fire ¼ 1), whereas those

less than the threshold values were reclassified as unburned
areas (fire ¼ 0). The boundary dividing these two areas was
interpreted as the fire perimeter. Following methods established

by Kernan and Hessl (2010), we then used map overlay opera-
tions to convert fire perimeter and fire interval data into SMFI
surfaces. Two types of fire intervals can be calculated from
SMFI surfaces: (1) the ‘unweighted’ SMFI is the mean of the
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range of interval values generated over the SMFI surface; and
(2) the ‘weighted’ SMFI is the mean of all interval values
weighted by the number of raster cells occupied by each interval

value. The unweighted SMFI is similar to MFI, calculated using
dendrochronological methods, whereas the weighted SMFI is
spatially explicit and can only be provided through spatial

modelling methods. We calculated both unweighted and
weighted SMFI values in subsequent analyses.

Analysis 1: Effect of fire-sensitive trees on estimates of
area burned

We assessed the effects of including tree-age data on fire
boundary and interval estimates. In this analysis, fire likelihood
surfaces were calculated by combining data from both fire-scar

and tree-age plots (n¼ 279 trees in 45 plots); these surfaceswere
clipped using the ‘modified’ study area boundary (hereafter
referred to as the ‘modified’ dataset). In this dataset, the ages of

fire-sensitive trees represent fire-free intervals at their locations,
and a value of 0 was assigned to tree-age plots with living trees
during each fire year. This approach is similar to Yocom-Kent

et al. (2015), who assigned a value of 0 to plots with fire-
sensitive trees that pre-dated the fire year. Applied in this
manner, tree-age plots prevented IDW interpolations from
extending burn likelihood values into areas with living, fire-

sensitive trees; we predicted this would reduce the extent of
modelled fire perimeters for many fire years. Conversely, IDW
interpolations were allowed to extend burn likelihood values

into these areas, uninhibited, in years before tree establishment.
We generated fire perimeters and SMFI surfaces using

likelihood outputs from both the ‘traditional’ and ‘modified’

datasets. To ensure model results were comparable, fire peri-
meters were calculated using a fixed threshold value of 0.5. As
the modified dataset encompassed a larger area than the tradi-

tional dataset, comparisons of estimated area burned (total,
mean and range) and SMFI (both unweighted and weighted)
were made between the overlapping portions of the two datasets
(Fig. 1). Owing to the non-normal distribution of fire sizes and

SMFI, we used a non-parametric paired Wilcoxon signed-rank
test to identify significant differences (P, 0.05) in (i) estimated
area burned for each fire year, and (ii) paired raster cell values

for the weighted SMFI. We used a non-parametric unpaired
Mann–Whitney rank sum test to identify significant differences
(P , 0.05) in unweighted SMFI. Statistical analyses were

conducted with SYSTAT (2011).

Analysis 2: Effect of alternative likelihood thresholds
on area burned and SMFI estimates

To assess the effects of fire boundary thresholds on spatial fire

metrics, we derived three sets of thresholds from the modified
dataset to estimate fire boundaries. In general, the derived
thresholds adjust perimeters to be smaller around fires scarring

few trees in few plots relative to fires scarring many trees in
many plots. Calculating derived thresholds is analogous to the
dendrochronological method of filtering fire-scar datasets to

emphasise fires of different magnitudes. (1) ‘Liberal’ fire
boundary thresholds were calculated as one minus the ratio of
(i) the number of fire-scar plots that recorded a scar to (ii) the
total number of recording, previously scarred fire-scar plots

(i.e. ‘recorder plots’ in fire-scar analyses, Swetnam and Baisan
1996). These liberal thresholds originally were applied by Hessl
et al. (2007; Kernan and Hessl 2010); we compare them with

two other derived thresholds that account for the tree-age data.
(2) ‘Moderate’ thresholds were calculated as oneminus the ratio
of (i) the number of fire-scar plots that recorded a scar to (ii) the

number of recording fire-scar plots, plus the number of
recording tree-age plots. Given the inclusion of tree-age plots as
recorders, we expected the moderate thresholds would be equal

to or larger than corresponding liberal thresholds, and would
generate fire perimeters that were equal to or smaller than liberal
fire perimeters. (3) ‘Conservative’ thresholds were calculated
and applied to each fire year as one minus the ratio of (i) the

number of fire-scar plots that recorded a scar to (ii) the number
of fire-scar plots with living trees, including previously
unscarred trees, plus the number of recording tree-age plots. The

addition of living but previously unscarred trees in fire-scar
plots is equivalent to including the origin-to-scar interval (Baker
and Ehle 2001). This interval is the period between establish-

ment of the tree and the occurrence of the first fire scar (Keeley
and Stephenson 2000), spanning a time when these young trees
were highly susceptible to fire and would have died were one to

occur (Baker and Ehle 2001). For this reason, the origin-to-scar
interval can be interpreted as a fire-free interval in this system
(Baker and Ehle 2001). Given the more inclusive group of
recorders, we expected that conservative thresholds would be

equal to or larger than corresponding ‘moderate’ thresholds, and
would generate the smallest fire perimeters. We also applied
a ‘fixed’ fire boundary threshold of 0.5 to each fire year

(following Yocom-Kent et al. 2015). This approach is similar to
that of Morrison and Swanson (1990), who estimated burn
perimeters for each fire by drawing a line midway between plots

that recorded a scar, and adjacent, unscarred recorder plots. Fire
perimeters were generated by selecting cells that exceeded the
minimum threshold (Hessl et al. 2007; Kernan and Hessl 2010).
The four fire boundary thresholds were applied to each of the 20

fire years, and the number of polygons per fire, area burned
(total, mean and range) and unweighted and weighted SMFIs
were compared.

Assessment of area burned estimates

As the actual size of the reconstructed fires is unknown (i.e. a fire
atlas for our study area over the time period of the reconstruction
does not exist), we assessed the quality of burn estimates using

the following indirect method. We compared the percentages of
the study area burned estimated using IDW with the percentage
of recording plots that included fire-scarred trees, a traditional
index of fire extent used in dendrochronological studies

(e.g. Morrison and Swanson 1990; Taylor and Skinner 1998;
Hessl et al. 2007; Farris et al. 2010; Farris et al. 2013). Because
we used the modified dataset to estimate area burned, we

adjusted the percentage of recording plots scarred to incorporate
tree-age data. The numerator was the number of fire-scar plots
that recorded a scar and the denominator was the number of

recording fire-scar plots plus the number of recording tree-age
plots. The area burned by each fire was estimated using fire
perimeters generated from the conservative, moderate, liberal or
fixed fire boundary thresholds. We used linear regression with
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an intercept of zero to quantify the relationships between the
percentages of scarred recorders against the estimated percent-
age of the study area burned. Departures from a 1 : 1 relationship

(slope ¼ 1.0) indicate differences between the two area burned
estimates resulting from over- or underestimates of fire size
(Hessl et al. 2007; Farris et al. 2010). We used the slope of the

regression model and a minimisation of the sum of squared
errors of the data points relative to a slope of 1.0 to assess the
accuracy of area burned estimates from the four data-threshold

combinations.

Analysis 3: Comparison of fire interval metrics

We compared fire intervals (mean, standard deviation and

range) calculated using dendrochronological (i.e. fire scars
only) and spatial analyses for the 20 fires that scarred$2 trees in
the study area between 1700 and 2010. For the dendrochrono-

logical summary, the grand mean and standard deviation of
the 20 plot-level CMFIs were calculated. CMFI ranges were
calculated as the minimum and maximum scar-to-scar intervals
observed among the plots. SMFIs were generated for the mod-

ified dataset and the conservative, moderate, liberal and fixed
fire-boundary thresholds. We compared CMFI with both the
unweighted and weighted forms of SMFI. We predicted that

SMFIwould be longer than CMFI owing to the inclusion of tree-
age plots with long fire-free intervals.

Results

Fire history

Trees with external fire scars were present in 30 of 45 plots
(Table 1). Fires causing scars burned between 1406 and 1966.
Twenty fires scarred $2 trees after 1700 when .25% of plots

were recording fire.

Analysis 1: Effect of fire-sensitive trees
on area burned estimates

Differences in estimated area burned between the overlapping
portions of the traditional andmodified datasets were significant

(P , 0.001; Table 2). Based on the traditional and modified
datasets, a total of 12 492 and 11 651 ha burned during the 20 fire
years respectively. These estimates differed by 841 ha, or 42 ha
in mean area per fire year. However, differences in SMFI

between the two datasets were not significant; unweighted
SMFI decreased slightly from 51 to 50 years (P ¼ 0.85), and
weighted SMFI increased slightly from 49 to 51 years (P¼ 0.62)

for the traditional and modified datasets respectively.

Analysis 2: Effect of alternative likelihood thresholds
on area burned estimates

Fixed thresholds resulted in the greatest total area burned
(13 194 ha, mean 426 ha), and shortest spatial mean return

Table 1. Historical fire metrics for the 30 plots containing trees with

external fire scars

Metrics are for fires that scarred$2 trees in the study area per fire year. The

fire recording period and number of fires reported are for the full recording

period (1406–2010); the fire interval information is for the truncated period,

1700–2010. NA, not applicable

Plot no. Fire recording period No. fires Intervals(years)

n Mean Range

1 1823–2010 4 3 27 15–43

2 1823–2010 5 4 20 6–43

3 1823–2008 5 4 17 3–25

4 1739–2010 5 4 38 20–84

5 1823–2010 3 2 33 23–43

6 1886–1981 2 1 18 NA

12 1886–2004 2 1 18 NA

13 1795–2003 5 4 23 7–46

14 1718–2010 6 5 24 17–56

15 1869–2010 1 0 NA NA

17 1823–2010 3 2 41 25–56

18 1795–1974 5 4 27 8–55

19 1718–1989 7 6 31 8–84

20 1831–2010 2 1 38 NA

21 1869–1971 2 1 35 NA

22 1665–2007 3 1 40 NA

24 1831–1996 3 2 37 18–55

25 1739–2010 6 5 37 20–56

26 1642–2005 7 4 33 17–63

27 1768–2010 3 2 51 26–75

32 1635–1986 8 5 37 18–63

33 1739–2010 7 6 30 16–63

34 1635–1975 5 2 76 16–136

39 1665–2007 7 5 38 17–101

40 1665–2010 4 2 37 35–38

S1 1739–2010 4 3 49 28–63

S2 1795–2010 4 3 30 17–46

S3 1642–2002 3 1 130 NA

S4 1795–1979 4 3 30 17–46

S5 1869–1943 1 0 NA NA

Table 2. Comparison of area burned and spatial mean fire interval estimates between the traditional and modified datasets

Analyseswere for 20 fires that scarred$2 trees in the study area between 1700 and 2010. The traditional dataset included only fire scars from fire-scar plots; the

modified dataset included data from fire-scar and tree-age plots. Summaries are for the overlapping 2687 ha of the two datasets. Differences in area burned

between the two datasets were significant (P, 0.001), but differences in unweighted and weighted spatial mean fire intervals (SMFIs) were not (P¼ 0.85 and

0.62 respectively)

Dataset Area burned (ha) SMFI (years)

n Total Mean� s.d. Range n
Unweighted

Mean� s: d:

Weighted

Mean� s: d:
Range

Traditional 29 12 492 431� 621 12–2369 30 51� 28.6 49� 2.1 24–136

Modified 31 11 651 376� 573 0.3–2134 31 50� 28.5 51� 2.1 24–136
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interval (unweighted ¼ 50 years, weighted ¼ 58 years, n ¼ 31
intervals) (Table 3 and Table S1, available as online supple-

mentary material). The conservative thresholds (0.49�0.98)
produced the most polygons (n ¼ 38), lowest area burned
(9889 ha, mean 260 ha) and longest return intervals

(unweighted¼ 56 years, weighted¼ 68 years, n¼ 28 intervals).
Moderate thresholds (0.38–0.98) yielded intermediate values,
but generated area burned estimates that were slightly larger

than conservative estimates for all fires up to 1869. Thereafter,
moderate area burned estimates were identical to conservative
estimates. Liberal thresholds (0.23�0.97) also produced inter-
mediate values, but generated the largest individual burn poly-

gons in 1739 (3057 ha) and 1869 (2937 ha). Fixed and
conservative thresholds resulted in similar maximum area
burned polygons (2773 and 2796 ha respectively). Conserva-

tive, moderate and liberal thresholds produced similar minimum
area burned polygons (0.3–0.7 ha), but the smallest area burned
in a single year using fixed thresholds was 12 ha.

Assessment of area burned estimates

Fixed thresholds produced area burned estimates that were most
consistent with those derived from the percentage of plots

scarred (Fig. 2). Percentage burned estimates were consistently
underestimated (slope ¼ 0.81 to 0.98), though fixed thresholds
better estimated smaller fires than conservative or liberal
thresholds. However, all threshold models overestimated

percentage area burned by themost widespread fires in 1739 and
1869. Fixed thresholds produced the smallest sum of squared

error (SSE ¼ 120), whereas conservative thresholds produced
the largest error (SSE ¼ 199).

Analysis 3: Comparison of fire interval metrics

The dendrochronological plot-level CMFIs were shorter than
SMFIs for all thresholds (24–136 years; Table 4; Fig. 3).
Between 1700 and 2010, CMFIswere 3�136 years, with a grand

mean of 38 years. Conservative thresholds yielded unweighted
SMFI with the longest grand mean (56 years), followed by
liberal (54 years), then fixed (50 years) thresholds. Conserva-

tive, moderate and liberal thresholds produced weighted SMFIs
with the longest grand mean (68 years), followed by fixed
(58 years) thresholds.

Discussion

Refined fire boundaries using data
from fire-sensitive trees

Using tree-age data in combination with fire-scar dates from
fire-scar plots allowed us to refine the fire boundaries without

biasing fire interval estimates. The trees in plots that lacked fire
scars were primarily fire-sensitive species with thin bark. As
theywere unlikely to survive had a fire burned (Alexander 1987;
Keeley 2012), their presence indicates a lack of fire over their

Table 3. Comparison of plot-level fire metrics derived from spatial analyses of the modified dataset using conservative, moderate, liberal and fixed

burn thresholds

Analyses were for 20 fires that scarred$2 trees in the study area between 1700 and 2010. Area burned metrics include the number of burn polygons, the total

area burned, mean and standard deviation, and the area burned ranges. Spatial mean fire interval (SMFI) metrics include the number of fire intervals, the

unweighted and weighted means and standard deviations, and the interval ranges

Dataset Threshold Area burned (ha) SMFI (years)

n Total Mean� s.d. Range n
Unweighted

Mean� s: d:

Weighted

Mean� s: d:
Range

Modified Conservative 38 9889 260� 799 0.3–2796 28 56� 29.3 68� 5.2 25–136

Moderate 36 10 932 304� 862 0.3–2850 28 50� 28.6 68� 5.7 25–136

Liberal 33 12 164 367� 921 0.7–3057 27 54� 29.3 68� 6.2 25–136

Fixed 31 13 194 426� 810 12.0–2773 31 50� 28.5 58� 3.4 24–136
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Fig. 2. Comparison of the percentage of plots scarred versus estimated percentage of the study area burned for the 20 fires between 1700 and 2010. Fire

extent was modelled using conservative (a); moderate (b); liberal (c); and fixed (d ) thresholds. The solid lines depict a 1 : 1 relationship; dashed lines,

equations andR2 describe the linear trends of the modelled data. The sum of squared errors (SSE) of themodelled percentage area burned is relative to a

1 : 1 relationship with percentage of plots scarred.
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lifespan. Therefore, tree-age plots represented discrete locations

that did not burn. Including these plots in spatial analyses pre-
vented overestimation of fire extent by limiting the distance of
fire likelihood interpolations between sampled points.

The effect on area burned estimates within the overlapping
portions of the traditional andmodified datasets was significant;
including tree-age data in IDW interpolations reduced the

estimated area burned by 7% (841 ha). These results suggest a

scaling effect on the spatial extent of fires within our study area;
expanding analyses into high-elevation forests incorporated
longer fire-free intervals, which reduced fire size estimates in

adjacent mid-elevation forests. However, SMFIs were similar
across datasets, indicating tree-age data did not induce temporal
bias in estimated spatial return intervals. Falk et al. (2007) state a

Conservative

Liberal Fixed

136

25

136

25

136

24

0 2.5 51.25
km

N

Moderate

136

25

(a) (b)

(c) (d )

Fig. 3. Comparison of spatial mean fire intervals (SMFIs) derived using the conservative (a); moderate (b);

liberal (c); and fixed (d ) thresholds. Darker red colours indicate a higher frequency of fires, whereas lighter red

colours indicate lower fire frequency. White indicates areas with #1 fire during the 310-year study period,

preventing the calculation of an SMFI.

Table 4. Comparison of plot-level composite mean fire intervals (CMFIs) and spatial mean fire intervals (SMFIs)

The CMFI analysis was based on fire-scar evidence from fire-scar plots. SMFI analyses were based on the modified dataset including data from fire-scar and

tree-age plots and were conducted using four thresholds for defining fire boundaries. Mean and standard deviations (s.d.) of the unweighted and weighted fire

intervals are presented. All analyses were for 20 fires that scarred $2 trees in the study area between 1700 and 2010. NA, not applicable

Type of analysis Threshold Fire intervals (years)

Dataset Unweighted Weighted

Mean� s.d. Range Mean� s.d. Range

Dendrochronological (CMFI)

Fire-scars NA 38� 22 3–136 NA NA

SMFI

Modified Conservative 56� 29.3 25–136 68� 5.2 25–136

Moderate 50� 28.6 25–136 68� 5.7 25–136

Liberal 54� 29.3 25–136 68� 6.2 25–136

Fixed 50� 28.5 24–136 58� 3.4 24–136
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similar effect for fires that are consistently large and synchro-
nous across the landscape, where an increase in the sampling
area captures few new fire dates. This suggests that tree-age data

from high-elevation forests in our study area may represent
areas subject to large and synchronous (i.e. high-severity)
fires. Given the significant adjustments to area burned estimates,

we recommend including tree-age data when conducting
spatial interpolation analyses in areas under a mixed-severity
fire regime.

Fixed thresholds best represent fire boundaries

Paralleling dendrochronological analyses of historical fires, our
derived thresholds were based on the ratio of plots recording
each fire to the total number of recorders (Morrison and

Swanson 1990; Swetnam and Betancourt 1990; Fulé and
Covington 1999; Veblen et al. 1999; Farris et al. 2010).
Subtracting this ratio from 1 yielded thresholds of 0.23 (77% of

plots recording fire) to 0.78 (22% of plots recording fire), with
the conservative and moderate thresholds consistently exceed-
ing liberal and fixed thresholds. As expected, the largest and

fewest polygons and area burned per fire were generated using
thresholds,0.5, whereas thresholds approaching 1.0 generated
more and smaller polygons.

Two lines of evidence indicate that the fixed thresholds of 0.5

better represented fire boundaries than the derived thresholds.
(1) Fixed thresholds extended fire boundaries farther and
generated the greatest overlap amongst the 20 modelled fire

boundaries. These overlapping boundaries represented areas
that reburned in subsequent fire years, and were consistent with
the presence of numerous trees with multiple fire scars, particu-

larly at low and middle elevations in our study area. (2) The
fixed thresholds produced fire sizes most consistent with area
burned estimates based on the percentage of plots that recorded

each fire. We recommend a fixed threshold of 0.5 be used rather
than derived thresholds when using IDW to reconstruct histori-
cal fires.

Yocom-Kent et al. (2015) found that fixed thresholds well

represented maximum burn polygon size and total area burned
by high-severity fires in mixed-conifer forests. However, inter-
polations using fixed thresholds underrepresented the total

number of high-severity burn polygons (Yocom-Kent et al.

2015). We did not specifically model low- or high-severity
components of the fire regime separately from each other.

Rather, our data allowed modelling of a mix of fire severities,
suggesting their findings are applicable to at least a portion of
our results. This highlights a limitation in the ability of IDW
interpolation methods to model the inherently patchy nature of

mixed-severity fires. The sampling design must adequately
capture unburned areas within and around high-severity burn
patches so interpolation methods can account for this heteroge-

neity. We suggest the use of ‘supplemental’ plots within a
gridded sampling design to account for this.

Influences of model parameterisation and fire severity
on fire area metrics

The estimated percentage of area burned consistently exceeded
the percentage scarred by large fires, but percentage scarred
exceeded percentage area burned by small fires; the magnitude

of this effect was smallest for the fixed thresholds. We attribute
this effect to the inclusion of the 12 nearest neighbours (27% of
plots) in interpolations, particularly for smaller fires when

,50% of plots were scarred. In these years, interpolations were
overly influenced by numerous plots without scars (i.e. con-
tributing numerous zeros to interpolations), which lowered the

likelihood values in raster cells nearest to scarred plots.
Conversely, in large fire years when .50% of plots were
recording fires, interpolations were heavily influenced by plots

with scars and less so by plots without scars. Understanding
these deviations provides insight into the effects ofmoderate-to-
high severity fires on reconstructions of historical fire size using
spatial modelling. Additional research is needed to identify an

ecologicallymeaningful number of nearest neighbours for use in
spatial reconstructions of historical fires.

Other factors may have contributed to errors in area burned

estimations. The percentage scarred exceeded percentage area
burned for most small fires that were recorded as fire scars at
lower elevations. In this part of the landscape, infrequent but

severe fires may remove recorders of past frequent, less-severe
fires (Swetnam et al. 1999, 2011). In areas dominated bymixed-
severity fire regimes, the loss of fire-scar evidence may reduce

modelled fire sizes, potentially over-representing small, isolated
fires. This effect would be exacerbated by the conservative,
moderate and liberal thresholds in years when there were a low
number of scarred trees relative to the number of potential

recorders. Although we surveyed each 1-ha plot and sampled
trees with the most visible scars, our reasonably small sample
size of up to seven trees per plot may have missed scars,

resulting in underestimated sizes of small fires.
Generally speaking, the modelled percentage area burned

was greatest for 1869, although liberal thresholds generated a

larger fire in 1739. In 1869, fires were noted to have burned
throughout the Pacific Northwest, indicating region-wide
synchrony (Heyerdahl et al. 2008). In our study area, the 1869
fire generated scars atmanymid-elevation plots, andwas the last

modelled fire to occur in the high-elevations before establish-
ment of 75% of the tree-age plots, suggesting that the 1869 fire
may have initiated these stands. Based on the distribution of

evidence, the fire most likely ignited at mid-elevation, spread
laterally and upslope, and fire severity increased with elevation,
all of which are well documented fire behaviour patterns (Agee

1993). This notion is supported by the lack of fire scars on living
trees or remnant wood in the high-elevation plots, suggesting
that existing recorder trees were either (i) consumed by the most

recent high-severity fire (Swetnam et al. 1999, 2011), or (ii) that
previous fires were also high severity, resulting in few scars
(Sibold et al. 2006), or both. The lack of scars and the presence
of contiguous plots with similar fire history evidence resulted in

large modelled fire sizes, particularly at high elevations, which
is consistent with fire sizes and effects in upper montane and
subalpine forests (Schoennagel et al. 2004; Sibold et al. 2006;

Marcoux et al. 2013).

Improved fire interval estimates for mixed-severity
fire regimes

Traditional dendrochronological methods that summarise fire
return intervals at discrete point locations (e.g. CMFI) are
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subject to false negatives (Kilgore and Taylor 1979; Fall 1998;
Baker and Ehle 2001; Farris et al. 2010) or may be scale-
sensitive (Falk 2004; Falk et al. 2007), potentially under-

estimating fire occurrence (Baker and Ehle 2001; Collins and
Stephens 2007). In mixed-severity fire regimes, fire histories
reconstructed from fire scars only may bias frequency estimates

in favour of shorter return intervals (Baker and Ehle 2003). This
is problematic when areas between sampled points are not
assessed, and particularly if these areas are influenced by high-

severity fire effects at longer return intervals. Consequently,
fire-scar data may suggest management practices that too fre-
quently disturb forests (Odion et al. 2014). However, fire scar
data are more commonly viewed as providing a conservative

estimate of fire intervals, as they typically capture larger fires
(i.e. at the scale of the average distance between plots) and
ignore small fires (i.e. those that occur between sampled points)

(Farris et al. 2010).
Our results suggest that SMFI calculated from both tree-age

and fire-scar data are improvements on traditional dendrochro-

nological estimates for forests under a mixed-severity fire
regime; weighted SMFIs, in particular, better represent the
distribution of intervals over space. Both unweighted and

weighted SMFIs of the Darkwoods exceeded CMFIs, reflecting
the degree to which fire-free intervals can lengthen mean return
intervals across a mixed-fire landscape. However, this finding is
in contrast to the results of Kernan and Hessl (2010), who found

that SMFIs constructed using only fire-scar evidence produced
average values that were intermediate to MPFIs and CMFIs.
These differences suggest that the sampling design used in

spatial analysis is critical; it must reflect a thorough understand-
ing of the historical fire regime, accounting for both spatial and
temporal heterogeneity in fire severities (Lertzman et al. 1998).

In dry ponderosa pine forests under a low-severity fire regime, a
sampling approach using only fire scars seems appropriate;
SMFIs calculated from these data may be similar to the results
of Kernan and Hessl (2010). However, in forests under a mixed-

severity fire regime, fire-scar evidence alone cannot capture the
range of severities and subsequent effects on forest structures.
Instead, combining fire-scar and tree-age data provides more

accurate estimates of fire metrics across a range of severities and
subsequent effects on forest structures.

Our results also suggest that including tree-age data in SMFI

analyses is especially powerful for mountain landscapes domi-
nated by mixed-severity fire regimes, where fire severity
increases with elevation and the number of fire scars decreases

(Agee 1993; Schoennagel et al. 2004; Marcoux et al. 2013,
2015). Supplementing fire scar data with tree-age data provides
evidence for the absence of fire and, therefore, better reflects the
longer fire-free intervals in the high-elevation forests. Thus, our

approach accounts for the spatiotemporal diversity of fire
frequencies and severities inherent to mixed-severity fire
regimes. For these reasons, managers can clearly benefit from

SMFIs; they provide the range of variation and a mean return
interval of fire disturbances, and show how and where these
metrics are distributed over a landscape.

Conclusions

Combining tree-age data with fire scars to model spatial fire
intervals using the IDW method provides a much-needed

solution for quantifying mixed-severity fire regimes. Given new
recognition that mixed-severity fire regimes prevail across
forest types (Perry et al. 2011; Andison 2012; Marcoux et al.

2013), methods to adequately quantify fire frequency, size and
magnitude are imperative to guide management efforts aimed at
sustaining or increasing forest resilience to environmental

change. Metrics derived from fire scars alone have been criti-
cised for overestimating fire frequency (Odion et al. 2014);
however, quantifying the relative importance of high-severity

fires withinmixed-severity fire regimes is also contentious (Fulé
et al. 2014; Stevens et al. 2016).

Using the Darkwoods as an example, we have shown that
spatial fire intervals derived from fire scars and tree ages can be

longer than point intervals derived from fire scars alone, which
can better represent landscape-scale mean fire frequencies of
mixed-severity fire regimes across elevational gradients, from

montane to subalpine forests. In our study area, fire scars
provided evidence of repeated low-severity fires at low and
mid-elevations. In high-elevation subalpine forests, an absence

of fire scars may indicate an absence of fire or it may be the
residual effect of high-severity fires removing recorder trees.
The presence of fire-sensitive trees helped discriminate between

these two causes. Fire-sensitive trees indicated absence of fire
over their lifespan, limiting the extent of modelled fire bound-
aries and reducing bias from over-representing frequent fires.
Simultaneously, interpretive power was appropriately afforded

to fire-scar evidence to model smaller fires. We recommend
combining tree-age data with fire scars to enhance spatial
interpolation analyses and better represent the range of spatio-

temporal variation inherent in mixed-severity fire regimes.
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