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Abstract. In ﬁre-prone forests, self-reinforcing ﬁre behavior may generate a mosaic of vegetation types
and structures. In forests long subject to ﬁre exclusion, such feedbacks may result in forest loss when
surface and canopy fuel accumulations lead to unusually severe ﬁres. We examined drivers of ﬁre severity
in one large (>1000 km2) wildﬁre in the western United States, the Rim Fire in the Sierra Nevada,
California, and how it was inﬂuenced by severity of 21 previous ﬁres to examine the inﬂuences on (1) the
severity of the ﬁrst ﬁre since 1984 and (2) reburn severity. The random forest machine-learning statistical
model was used to predict satellite-derived ﬁre severity classes from geospatial datasets of ﬁre history,
topographic setting, weather, and vegetation type. Topography and inferred weather were the most
important variables inﬂuencing the previous burn. Previous ﬁre severity was the most important factor
inﬂuencing reburn severity, and areas tended to reburn at the same severity class as the previous burn.
However, areas reburned in <15 yr burned at lower severity than expected. Previous ﬁre severity and Rim
Fire severity were higher on ridges, at intermediate elevations (~750–1250 m), and on slopes <30°,
indicating a consistent effect of topography on ﬁre severity patterns in these forests. Areas burned with
low severity prescribed ﬁres burned at low severity again in the Rim Fire, and areas with long ﬁre-free
periods burned at higher severity. This ﬁre history effect suggests that prescribed burning was an effective
management tool, leading to lower ﬁre severity in the previous burns and the subsequent reburn. Our
results show that self-reinforcing ﬁre behavior results mainly from effects of vegetation structure and fuels
on ﬁre severity and that this behavior is mediated by topographic setting and the time since last ﬁre.
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INTRODUCTION

moderate subsequent ﬁres because ﬁre characteristics are strongly inﬂuenced by rates of fuel production and accumulation (Parks et al. 2014,
Harvey et al. 2016). For example, frequent lowseverity ﬁres limit fuel buildup, and over time,
this promotes dominance by ﬁre-resistant tree
species (Beaty and Taylor 2007). In recently
burned areas, lack of fuels can temporarily limit
the progression of subsequent ﬁres (Parks et al.
2015a), and these ﬁre–vegetation interactions tend

Disturbances can have lasting effects on landscape vegetation patterns. There is increasing evidence that previous disturbances such as ﬁre or
insect attack inﬂuence the susceptibility, extent,
and severity of future disturbances through what
has been termed the “ecological memory” of prior
events (Peterson 2002, Kulakowski and Veblen
2007, Johnstone et al. 2016). Previous ﬁres often
❖ www.esajournals.org
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to promote self-limiting ﬁre behavior and reburns
of mainly low-severity ﬁre. In contrast, an area
burned at high severity because of higher fuel
loads may tend to burn at high severity again if
the prior burn promotes a change in plant species,
vegetation and fuel structure, and local climates
that are pyrogenic (Lauvaux et al. 2016). We
deﬁne “ﬁre severity” here as the short-term ecological effects of ﬁre, as opposed to “ﬁre intensity,” which is a physical measure of a ﬁre’s
energy output, and “burn severity,” which is often
used interchangeably with ﬁre severity but which
may refer to long-term effects of ﬁre on soils and
vegetation (Keeley 2009, Morgan et al. 2014).
Studies of ﬁre severity in successive ﬁres
(reburned areas) in the western United States
reveal two keys to determining whether ﬁre
behavior is self-limiting or self-reinforcing: time
since ﬁre and severity of the ﬁrst ﬁre. In the years
after a ﬁre, lack of fuels may limit ﬁre spread and
intensity, but after sufﬁcient fuels accumulate
(6–30+ yr), they can support high-severity reburns
(Collins et al. 2009, van Wagtendonk et al.
2012, Coppoletta et al. 2016, Harvey et al. 2016,
Prichard et al. 2017). Reburn severity has often
tended to match severity patterns of prior burns,
especially in the case of high-severity ﬁre begetting
high-severity ﬁre (Thompson et al. 2007, Holden
et al. 2010, van Wagtendonk et al. 2012, Coppoletta et al. 2016, Harvey et al. 2016). Consistency
in reburn severity behavior may partly reﬂect the
effects of topography on local climate and ﬁre
behavior, but it is also likely to arise due to different vegetation types and structures creating different levels of ﬁre hazard, or potential ﬁre behavior
based on fuel characteristics (Hardy 2005).
Over the 20th century in the western United
States, dry pine and mixed-conifer forests, which
burned frequently (5–25 yr) in the past, have been
dramatically altered by ﬁre exclusion. This change
in disturbance regime led to a compositional shift
toward ﬁre-intolerant tree species (Scholl and
Taylor 2010) and to a large buildup of surface and
canopy fuels (Scholl and Taylor 2010, Knapp et al.
2013, Taylor et al. 2014). Recently, since the
mid-1980s, the incidence of large high-severity
wildﬁres has increased. This increase is due, in
part, to warming, more extreme ﬁre weather,
earlier snowmelt and increasing moisture deﬁcits
(Collins 2014, Jolly et al. 2015, Taylor et al. 2016,
Westerling 2016), increased fuels due to ﬁre
❖ www.esajournals.org

exclusion, and success of initial attack except with
severe ﬁre weather, rough terrain, or a large
number of lightning strikes (Agee and Skinner
2005, North et al. 2012). Despite this recent
increase in large, high-severity ﬁres, a widespread
ﬁre deﬁcit (Marlon et al. 2012) still persists across
forests of the western United States (Mallek et al.
2013, Parks et al. 2015b). These combined effects
of ﬁre exclusion and climate change have eroded
ecological memory (Johnstone et al. 2016), altering ﬁre regimes by predisposing areas that
historically burned at low–moderate severity to
burn at high severity through changes in forest
composition, fuel quantity, and arrangement and
occurrence of extreme ﬁre weather.
Fire severity at local to landscape scales is
dictated by the relative inﬂuence of weather,
topography, and fuels (Parisien and Moritz 2009).
If re-entry burns occur under moderate weather,
bottom-up controls on severity such as topography and fuels are likely to have a strong inﬂuence,
especially in complex terrain (Cansler and McKenzie 2014, Harris and Taylor 2015, Estes et al. 2017).
Under extreme conditions such as prolonged
drought or high winds, weather may overwhelm
bottom-up controls (Perry et al. 2011, Cansler
and McKenzie 2014) and lead to widespread
high-severity ﬁre, regardless of vegetation/fuels,
topography, or previous history of wildﬁre or
prescribed burns (Lydersen et al. 2014). Fires
occurring during droughts or later in the summer
in Mediterranean climates are also more likely to
spread to higher-elevation vegetation types and
burn at higher severity due to progressive drying
of fuels (Lutz et al. 2009, Schwartz et al. 2015).
When a forest that historically burned frequently at low-severity burns at higher severity
after decades of ﬁre exclusion, the ﬁre may imprint
a new vegetation–ﬁre mosaic on the landscape,
with the ﬁre severity patterns of the re-entry burn
(the ﬁrst ﬁre following a period of ﬁre exclusion)
being repeated in subsequent ﬁres (van Wagtendonk 2012, Coppoletta et al. 2016). This new
mosaic is likely to have a topographic signature,
because topography has a strong inﬂuence on
ﬂammability through its inﬂuence on local climate,
vegetation structure and composition, and ﬁre
behavior (Heyerdahl et al. 2001, Dillon et al. 2011,
Lydersen and North 2012). If both vegetation characteristics and ﬁre are largely controlled by
topoclimatic effects, then vegetation types and ﬁre
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moderate-severity patches, many canopy trees are
killed, but some survive, leading to patchy canopy
cover and areas of shrub and tree regeneration.
This regeneration combined with abundant and
continuous dead woody fuels following moderateseverity ﬁre may enhance severity of subsequent
ﬁre, but not as much as high-severity ﬁre
(Donato et al. 2016).
In high-severity burn patches, tree mortality is
complete or near-complete, and the result is dense
low-stature vegetation that is vulnerable to highseverity reburns (Fig. 1). Although repeated lowto moderate-severity ﬁre reduces surface fuels
and eliminates dense pockets of tree regeneration
(Larson et al. 2013, Stevens-Rumann and Morgan
2016), reburns following a high-severity ﬁre may
reinforce a trajectory toward non-forest vegetation
(Coop et al. 2016, Lauvaux et al. 2016). After a
high-severity burn, tree regeneration may be vigorous (Shatford et al. 2007, Donato et al. 2009),
leading in the short term to dense patches of

regime characteristics may be perpetuated by environmental setting (Kane et al. 2015b). However,
vegetation and fuel characteristics may also inﬂuence ﬁre behavior independently of environmental
setting, which would be evidence suggestive
of ﬁre-maintained self-reinforcing behavior and
potentially an alternative vegetation state.
The ﬁre severity mosaic established in a re-entry
burn may perpetuate itself in subsequent burns by
changing fuel and vegetation structure and composition (Fig. 1). In unchanged or low-severity
patches within a re-entry burn, forest cover is
maintained, but small trees, understory vegetation, and surface fuels may be greatly reduced.
Although surface fuels rapidly re-accumulate in
the 10–30 yr following a low-severity re-entry
burn (Keifer et al. 2006, Webster and Halpern
2010), in the short term this fuel reduction would
tend to promote a more low-severity ﬁre in a subsequent burn, leading to preservation of forest
cover given frequent (every 5–25 yr) reburns. In

Fig. 1. Concept diagram showing the potential for self-reinforcing ﬁre behavior after a re-entry burn to maintain alternative vegetation states. Photographs show typical conditions one year after a re-entry burn. The
depicted relationship between previous ﬁre severity and reburn severity is mediated by terrain, weather conditions, and time since ﬁre, as described in the text.

❖ www.esajournals.org

3

November 2017

❖ Volume 8(11) ❖ Article e02019

HARRIS AND TAYLOR

overall ﬂammability. In such a scenario, the dominant feedbacks would not be between topography, vegetation, and ﬁre but rather vegetation
and ﬁre directly, and therefore, ﬁre history would
be expected to have a relatively greater inﬂuence
on ﬁre severity than topography. This scenario
would imply that ﬁre-driven vegetation change
may be perpetuated across a range of environmental settings and that management strategies
could focus on avoiding vegetation type conversions by developing strategies based on fuel loads
and ﬁre history more so than topography. Severity of the re-entry burns may also be enhanced by
longer periods of ﬁre exclusion that allow for
greater accumulation of fuels, increasing the
potential for high-severity reburns.
Here, we use data on reburns within the
perimeter of the 2013 Rim Fire in the Sierra
Nevada in California to identify the extent to
which previous ﬁres affected subsequent ﬁre
severity in a large wildﬁre. The Rim Fire as a
whole burned through areas previously burned in
207 wildﬁres and 49 prescribed ﬁres since 1908
(http://frap.fire.ca.gov/). Because the Rim Fire was
large, uncharacteristically severe (Lydersen et al.
2014), and occurred during an exceptional
drought in California (Robeson 2015, Belmecheri
et al. 2016) and with extreme weather, the ﬁre
has generated substantial research interest.
For example, Lydersen et al. (2014) examined
drivers of Rim Fire severity at 53 points that
had experienced two or more previous low- to
moderate-severity ﬁres since 1978, with the goal
of determining inﬂuences on ﬁre severity in areas
with restored frequent ﬁre regimes. Kane et al.
(2015a) evaluated ﬁre severity and its drivers
within parts of the southeastern portion of the
Rim Fire where ﬁre weather was milder than in
much of the rest of the ﬁre. We sought to determine
drivers of reburn severity and severity of prior ﬁres
within a larger study area (an order of magnitude
larger than Kane et al. 2015a), which encompassed
broad gradients of topography, ﬁre weather, time
since last ﬁre, and past ﬁre severity to better
elucidate the relative importance and role of these
factors. Lydersen et al. (2017) also conducted a
study in a broad portion of the Rim Fire, evaluating the effect of recent (since 1995) fuel treatments
and ﬁres on the proportion of high-severity ﬁre at
landscape scales within the Rim Fire. Their study
focused primarily on the effects of previous fuel

small-diameter trees with potentially high ﬁre
hazard and in the long term to forest recovery
given a sufﬁciently long ﬁre-free interval. However, ﬁeld studies in the Sierra Nevada have
found large proportions of plots (>50%) with little
or no tree regeneration 5–12 yr after wildﬁre (Collins and Roller 2013, Welch et al. 2016). Larger
high-severity patches and drier conditions in the
years following a ﬁre may correspond to less tree
regeneration (Tepley et al. 2017), raising concerns
about the ability of forests to recover from ﬁres
with these characteristics.
High-severity ﬁre in dry pine and mixed-conifer forests may also lead to the development of
montane chaparral, shrub lands dominated by
species such as Arctostaphylos patula and Ceanothus velutinus (Nagel and Taylor 2005, Lauvaux
et al. 2016, Miller and Safford 2017). Montane
chaparral may be maintained through recurring
high-severity ﬁre. Shrubs may limit ﬁre spread
under low–moderate weather conditions due to
high live fuel moisture and fuel structure and
may also facilitate tree establishment (Nagel and
Taylor 2005, Savage et al. 2013). However,
shrubs tend to resprout or reestablish quickly
after a ﬁre from a long-lived seedbank and are
often more ﬂammable than trees (Odion et al.
2010, Paritsis et al. 2015). In places where forests
and shrub lands co-occur in the landscape ﬁres
are less frequent and more severe in the shrub
lands, suggesting that vegetation type inﬂuences
the local ﬁre environment (Lauvaux et al. 2016).
Because topography strongly affects vegetation dynamics as well as ﬁre behavior, a feedback
may develop in which different topographic and
climatic settings perpetuate different vegetation
types and ﬁre regimes (Beaty and Taylor 2001,
Lydersen and North 2012, Kane et al. 2015b). If
this feedback is operating, then topography
would be expected to have a consistent inﬂuence
on ﬁre severity over the course of multiple ﬁres,
and topography would be expected to strongly
inﬂuence ﬁre severity in both a re-entry burn and
a reburn. Such a feedback would imply that forest management strategies may be based on
topographic variation, which would align with
historical vegetation–ﬁre interactions (Taylor and
Skinner 1998, North et al. 2009).
Alternatively, reburn severity may be dominated by prior ﬁre severity due to the ﬁres’ effect
on fuels, vegetation types, local climate, and
❖ www.esajournals.org
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2. When ﬁre-excluded forests burn and then
burn again, are severity patterns more consistent with strong topographic controls or
with ﬁre–vegetation interactions?

treatments on Rim Fire severity at landscape scales
and does not consider topographic setting. In contrast, this study places the Rim Fire and previous
ﬁres in the broader context of disturbance interactions and how these interactions are affected by terrain and variable ﬁre weather.
Our goal was to determine whether and how the
severity and time since previous burn inﬂuenced
Rim Fire severity, and by extension, how important
ﬁre history was relative to vegetation type and
topography as a factor inﬂuencing ﬁre severity of
both the Rim Fire and previous ﬁres. These analyses address two broader questions:

METHODS
Study area
The Rim Fire burned 1040 km2 in August–
September 2013 (Fig. 2). Of this total, 322 km2
burned within Yosemite National Park (YNP),
626 km2 burned in the adjacent Stanislaus
National Forest, and remaining portion burned
private land. The ﬁre occurred during an exceptional drought in California (Robeson 2015) and
was characterized by lower atmospheric

1. In ﬁre-excluded forests where ecological memory has been eroded (Johnstone et al. 2016),
what are the critical controls on ﬁre severity?

Fig. 2. The Rim Fire and perimeters of the 21 prior ﬁres used in the analysis, numbered in chronological order
(see Table 2 for details). Severity of the Rim Fire is shown as classiﬁed by Miller and Thode (2007). The grayshaded area is Yosemite National Park. The inset shows the location of the study area within California.
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instability in its ﬁrst days, which led to rapid-ﬁre
spread and high-severity ﬁre effects (Lydersen
et al. 2014). Later in the ﬁre, milder and more
stable atmospheric conditions predominated,
leading to more mixed-severity ﬁre effects (Harris and Taylor 2015, Kane et al. 2015a) We analyzed 581 km2 of the Rim Fire area that had been
previously burned since 1984 (Fig. 2; see Delineating the study area). The burned area included a
broad range of elevations (268–2398 m) and vegetation types (Table 1). Most of the burned area
was coniferous forest (61%), although hardwood
forest (20%) was present especially at lower elevations. Coniferous forest types burned were
mixed conifer (75%), pine forest and woodland
(mostly Pinus ponderosa; 13%), and red ﬁr (Abies
magniﬁca; 11%) according to the 2012 Existing
Vegetation Type (EVT) layer from LANDFIRE
(Rollins 2009). Mixed-conifer forests are a variable mix of white ﬁr (Abies concolor), incense
cedar (Calocedrus decurrens), sugar pine (Pinus
lambertiana), ponderosa pine (P. ponderosa), Douglas-ﬁr (Pseudotsuga menziesii), and black oak
(Quercus kelloggii; Scholl and Taylor 2010).

western United States (Eidenshink et al. 2007).
We obtained ﬁre severity data for all ﬁres before
2013 with >50-ha overlap with the Rim Fire. The
resulting 21 ﬁres (Table 2) are the previous ﬁres in
our analysis, and reburns are areas within their
perimeter burned by the Rim Fire. Although ﬁre
severity is available for smaller ﬁres in YNP (Lutz
et al. 2009, van Wagtendonk 2012), it was not
readily available for areas outside the park and so
our analysis is restricted to twenty-one ﬁres in the
MTBS database. Adding these smaller ﬁres would
have only altered ﬁre-related variables in 4.6%
and 1.0% of the study area for the previous severity model and reburn severity model, respectively
(see Analysis).
Fire severity was quantiﬁed using the Relative
Differenced Normalized Burn Ratio (RdNBR), a
severity index derived from Landsat imagery
that correlates well with ﬁeld measurements of
ﬁre severity (e.g., Composite Burn Index; Miller
and Thode 2007, Miller et al. 2009). We used the
relative dNBR instead of dNBR because the relativized version corrects for different vegetation
cover and types (Miller and Thode 2007, Collins
et al. 2009, Miller et al. 2009). Fire severity for
each ﬁre was classiﬁed as unchanged, low, moderate, and high based on RdNBR thresholds
developed for forests in the Sierra Nevada in
California (Miller and Thode 2007).
To identify time since the last ﬁre, perimeters
of historical ﬁres in the study area were downloaded from the California Department of

Fire history and severity

Data on ﬁre extent and severity were downloaded from the Monitoring Trends in Burn
Severity Program (MTBS; http://www.mtbs.gov/).
Monitoring Trends in Burn Severity Program provides data on ﬁre severity at 30-m resolution for
all ﬁres >1000 acres (~404 ha) since 1984 in the

Table 1. Variables used in the reburn severity model (out-of-bag error rate = 56.7%) along with either range and
mean or area in ha within each class.
Variable

Range and mean or ha within each class

Importance

Severity of last MTBS burn (ordinal)

Unchanged (6432 ha), low (21,381 ha), moderate (19,120 ha),
high (11,154 ha)
268–2398 m (1408 m)
Conifer (35,284 ha), hardwood (11,371 ha), shrub land (6154 ha),
sparsely vegetated (1940 ha), riparian (1790 ha), grassland (1445 ha),
barren (61 ha), conifer–hardwood (23 ha), exotic herbaceous (20 ha)
3–26 yrs (19 yrs)
41–61 (53)
2 (761 ha), 3 (29,818 ha), 4 (13,654 ha), 5 (13,833 ha)
0–70° (19°)
432 to 492 (13)
North (14,257 ha), east (10,035 ha), south (16,834 ha), west (16,961 ha)

72.5

Elevation
Vegetation type (nominal)
Years since last MTBS burn
Burning Index
Haines Index (ordinal)
Slope
TPI, 2000 m neighborhood
Aspect (nominal)

50.6
50.4
43.8
31.9
28.0
19.6
13.8
2.9

Notes: Variable importance is given in terms of mean decrease in accuracy, or the percentage with which model accuracy
falls when a given variable is randomized in the model. Vegetation types are based on LANDFIRE Existing Vegetation Type
data for 2012. MTBS is the Monitoring Trends in Burn Severity program. TPI is the Topographic Position Index, calculated using
a 2000-m neighborhood.
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Table 2. Fires included in the analysis: the Rim Fire and all preceding ﬁres for which ﬁre severity is available
from MTBS (>404 ha and 1984 or after).
Fire

Year

Unchanged [ha (%)]

Low [ha (%)]

Moderate [ha (%)]

High [ha (%)]

Total

Rim
Hamm (1)
Jarrel (2)
Larson (3)
Paper (4)
PW3 (5)
Frog Creek (6)
Ackerson (7)
Rogge (8)
Aspen Valley (9)
Kibbie 2/relight (10)
Aspen Valley PW2 (11)
Eleanor (12)
Pilot (13)
PW03 Gin Flat (14)
Kibbie Complex (15)
KC Tuolumne (16)
PW3 sec. 2 and 3 (17)
Wapama (18)
Frog (19)
North Mtn. (20)
Harden (21)

2013
1987
1987
1987
1987
1989
1991
1996
1996
1997
1997
1998
1999
1999
2002
2003
2003
2005
2005
2006
2008
2009

13,335 (13)
541 (8)
105 (15)
668 (14)
1084 (8)
492 (78)
158 (22)
1916 (8)
879 (13)
152 (21)
161 (17)
618 (51)
194 (21)
73 (5)
249 (18)
50 (7)
97 (12)
97 (14)
98 (28)
27 (20)
93 (8)
21 (15)

26,384 (26)
1987 (30)
345 (49)
1896 (39)
3505 (25)
105 (17)
300 (41)
9239 (41)
2107 (30)
340 (47)
456 (49)
542 (44)
442 (47)
238 (15)
975 (71)
210 (29)
305 (38)
470 (70)
158 (46)
57 (43)
507 (45)
44 (30)

31,520 (31)
2675 (41)
203 (29)
1344 (28)
5043 (36)
16 (3)
237 (32)
7172 (32)
3279 (47)
183 (25)
270 (29)
58 (5)
262 (28)
463 (30)
119 (9)
283 (39)
257 (32)
95 (14)
77 (22)
39 (29)
445 (39)
31 (21)

32,143 (31)
1406 (21)
57 (8)
906 (19)
4229 (31)
15 (3)
36 (5)
4457 (20)
659 (10)
49 (7)
38 (4)
1 (0)
39 (4)
768 (50)
25 (2)
188 (26)
146 (18)
9 (1)
11 (3)
11 (8)
91 (8)
49 (34)

103,382
6609
710
4815
13,860
629
731
22,784
6924
724
925
1219
938
1542
1368
731
805
670
344
134
1136
145

Notes: Area burned at each of four severity classes, classiﬁed using thresholds from Miller and Thode (2007), is shown in ha
and percent for the portion of each ﬁre overlapping the Rim Fire. Prescribed ﬁres are in italics. Numbers beside each ﬁre name
correspond to number on the map (Fig. 2).

Forestry and Fire Protection’s Fire Resource
and Assessment Program (FRAP, version 14-2,
http://frap.fire.ca.gov/). This dataset was used to
calculate the number of years since the last
wildﬁre and last prescribed ﬁre for the previous
ﬁres. Because portions of these previous ﬁres
experienced no prior ﬁre according to the FRAP
database, these time since ﬁre variables were
classiﬁed by the decade of the last burn (e.g.,
0–10 yrs and 10–20 yrs) or as no burn and were
treated as nominal variables in the model of previous ﬁre severity (Table 3). The FRAP dataset
was also used to determine the number of ﬁres
preceding the ﬁrst MTBS ﬁre, which was used as
a variable in the model of previous ﬁre severity.
For the model of reburn severity, a “years since
last MTBS burn” variable was created from the
MTBS ﬁre perimeters to represent time since last
ﬁre and was treated as a numeric variable.

type from CALVEG (http://www.fs.usda.gov/
detail/r5/landmanagement/). The 1977 and 2012
datasets were chosen because they best represented vegetation types before the ﬁrst (1987) and
last ﬁres (2013) in the analysis. Vegetation types
prior to the Rim Fire are shown in Table 1, and
the 1977 vegetation types are shown in Table 3.

Topography

To identify topographic controls on ﬁre severity, four measures of topographic setting were
derived from a 30-m digital elevation model
(https://nationalmap.gov/elevation.html): elevation, slope, aspect, and topographic position. The
Topographic Position Index (TPI, Weiss 2001) is
an indicator of relative topography in which low
values represent valleys and high values represent ridges. Topographic Position Index was
calculated using the “raster” package in R (Hijmans 2016, R Core Team 2017) using elevation
pixels within 500, 1000, and 2000 m of each focal
pixel. The neighborhood size with the strongest correlation with severity of the Rim Fire
(i.e., 2000 m) was retained for the analysis.

Vegetation
To characterize pre-ﬁre vegetation types, two
datasets were used: EVT for 2012 from LANDFIRE
(http://www.landfire.gov/) and 1977 vegetation
❖ www.esajournals.org
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Table 3. Variables used in the previous severity model (out-of-bag error rate = 63.0%) along with either range
and mean or area (ha) within each class.
Variable

Range and mean or ha within each class

Elevation
Fire type (nominal)
Slope
Years since last burn (nominal)

268–2398 m (1407 m)
Wildﬁre (53,267 ha), prescribed ﬁre (4796 ha)
0–70°, (18.6°)
0–10 (16,978 ha), 10–20 (1856 ha), 20–30 (330 ha),
30–40 (2930 ha), 40–50 (1025 ha), 50–60 (79 ha),
60–70 (5187 ha), 70–80 (924 ha), no burn (28,776 ha)
TPI, 2000 m neighborhood
432 to 492 (13)
Number of prior burns
0–4 (1)
Years since last prescribed burn (nominal) 0–10 (6513 ha), 10–20 (22,602 ha), no burn (616,284 ha)
1977 vegetation classes (nominal)
Barren (257 ha), lodgepole pine (5 ha), mixed chaparral
(4878 ha), montane hardwood (3451 ha), red ﬁr (1564 ha),
Sierran mixed conifer (47,896 ha), water (36 ha)
Aspect (nominal)
North (14,254 ha), east (10,035 ha), south (16,836 ha), west (16,961 ha)

Importance
44.2
25.7
23.7
18.8
15.4
11.3
9
6
1.1

Notes: Variable importance is given in terms of mean decrease in accuracy, or the percentage with which model accuracy
falls when a given variable is randomized in the model. TPI is the Topographic Position Index calculated using a 2000-m neighborhood. Fire type, years since last burn, number of prior burns, and years since last prescribed burn were derived from historical ﬁre perimeters from the California Department of Forestry and Fire Protection’s Fire Resource and Assessment Program
(http://frap.fire.ca.gov/).

measure of lower atmospheric instability that
may contribute to plume-driven ﬁre behavior
and that is used to measure the potential for
rapid-ﬁre expansion (Haines 1988). Daily maps of
the index were downloaded from USFS Wildland
Fire Assessment System (http://www.wfas.net).
Because daily values were calculated from morning observations, for each day of the burn the following morning’s Haines Index value was used.

Topographic variables used in the analysis are
given in Tables 1, 3.

Weather
Two measures were used to assess the impact
of daily weather on severity of the Rim Fire.
Daily ﬁre progression perimeters from 19 August
2013 to 10 September 2013 (http://ftp.nifc.gov/inc
ident_specific_data/) were used to determine
which portions of the Rim Fire burned on which
days. Additionally, a ﬁnal ﬁre perimeter dated 26
September 2013 was used to assess which areas
burned between 11 September 2013 and 26
September 2013, and for these areas (0.2% of the
study area), the weather variables were averaged
over that period. Weather was not assessed as a
variable for the other ﬁres due to challenges in
mapping daily ﬁre progression from available
data for burns before 2010. The ﬁrst daily
weather variable was the Burning Index (BI) from
the National Fire Danger Rating System
(NFDRS). Burning Index is proportional to predicted ﬂame length and integrates wind, temperature, and relative humidity and the effects of
weather on fuel moisture (Bradshaw et al. 1983).
Daily BI was calculated with FireFamily Plus version 4.0 based on observations from the Crane
Flat Lookout Remote Automated Weather Station
in YNP, using NFDRS Fuel Model G. The second
weather indicator was daily Haines Index, a

❖ www.esajournals.org

Delineating the study area
Before performing statistical analysis, we
excluded parts of the study area where RdNBR
may not accurately represent ﬁre severity. Fire
severity data for the previous ﬁres were clipped
to the perimeter of the Rim Fire, and only the portions of the burns within the Rim Fire perimeter
were used for the analysis. To exclude developed
and non-vegetated areas, we excluded pixels categorized in the 2012 LANDFIRE vegetation layer
as agricultural, developed, roads, open water,
quarries and mines, and snow and ice. Additionally, areas identiﬁed by MTBS where imagery was
affected by clouds or other anomalies were
removed from the analysis (Eidenshink et al.
2007). These steps yielded a ﬁnal study area of
58,068 ha, which was burned once after 1984 and
again in the Rim Fire, out of which 43% lay inside
YNP, 52% was on National Forest land, and the
remaining 5% was private land.
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Analysis

that choosing different sampling intervals from
200 to 1200 m did not substantially alter our
results and key conclusions. Due to the tendency
of classiﬁcation trees to favor more common
classes, we ran a balanced RF by sampling randomly from the four ﬁre severity classes such
that the sample size in all classes equaled the
sample size in the rarest class. We built a large
number of trees (2000) and used the square root
of the number of variables for the number of
variables chosen at each split (the default setting)
in the “randomForest” package in R (Liaw and
Wiener 2002). The portion of the data omitted
from the bootstrap sample to build each tree was
used to assess model accuracy as the out-of-bag
estimate of classiﬁcation error rate. To assess
the relative inﬂuence of the drivers of ﬁre
severity, we also report variable importance as
the mean decrease in accuracy that results
when a given variable is permuted in the
model. Partial dependence plots were generated that show the marginal effect of a predictor variable on the response variable (Liaw and
Wiener 2002), which we use to characterize the
relationship between ﬁre severity and its
individual drivers.

To examine the connection between previous
ﬁre severity and reburn severity, we compared
severity of the Rim Fire to the severity of the
prior ﬁres by cross-tabulating the severity class
(unchanged, low, moderate, or high) of pixels in
the most recent prior ﬁre with the severity class
in pixels burned by the Rim Fire. However, we
also wanted to examine the inﬂuence of past ﬁre
severity in the context of variable vegetation
types, topographic settings, and ﬁre weather. To
characterize the relative importance and effects
of these factors, we used random forest (RF)
models (Breiman 2001). Random forest, a form of
regression tree ensembles, offers high classiﬁcation accuracy, the ability to implicitly account for
interacting variables, and the ability to handle
nonlinear relationships between response and
predictor variables (Cutler et al. 2007).
We created two RF models using fuel, ﬁre history, terrain, and weather variables. In the ﬁrst
previous severity model, we addressed our ﬁrst
research question, about the inﬂuences on ﬁre
severity in ﬁre-excluded forests, by modeling the
drivers of the severity of the initial prior burn
within the Rim Fire perimeter. In the second
reburn severity model, we addressed our second
research question, about the relative inﬂuence of
past ﬁre and topography on reburn severity, by
modeling severity of the Rim Fire itself in the
reburned area. Variables were selected a priori,
and summaries of the variables used in the models are given in Tables 1, 3. The reburn severity
model was also run without the severity of last
MTBS burn and time since last ﬁre variables
(Table 1) to assess how classiﬁcation accuracy
differed when past ﬁre effects were not considered. In both the previous severity and reburn
severity models, ﬁre severity was treated as an
ordinal variable. Prior to statistical analysis,
rasters of uniform resolution (30 9 30 m pixels)
and extent were created for each ﬁre, fuel,
weather, vegetation, and terrain variable. These
rasters were then uniformly sampled on a grid at
800-m intervals to reduce problems of spatial
autocorrelation. Distances >800 m were considered for sampling, but sample sizes and representation of the range or classes of predictor
variables declined at greater distances. Using a
sensitivity analysis to test the effects of different
sampling intervals (Appendix S1), we determined
❖ www.esajournals.org

History of logging and replanting
Salvage logging and replanting may decrease
the long-term risk of high-severity ﬁre by speeding the recovery of ﬁre-resistant forests but in the
short term may enhance ﬁre severity by increasing fuel loads (Thompson et al. 2007). To examine
the potential impacts of logging and replanting
on the severity of the Rim Fire, we used geospatial data from the Forest Service Activity Tracking
System (FACTS) database (https://data.fs.usda.
gov/geodata/edw/datasets.php) to determine
areas identiﬁed as being logged or replanted
after the previous ﬁres and before the Rim Fire.
According to these data, only 0.2% of the burned
area used in the analysis was logged after the
previous ﬁres, so logging was not considered
in the models of ﬁre severity. However, 7% of
the burned area was replanted for timber
before the Rim Fire, so post-ﬁre replanting was
initially considered as a binary variable in the
reburn severity model (see Analysis). This postﬁre replanting variable was removed from the
reburn severity model because it did not
improve model accuracy.
9
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Water balance

severity. Higher TPI values corresponded with
high ﬁre severity. Fire severity also tended to
increase with increasing time since last ﬁre
although its lower variable importance suggests
that weather conditions (as reﬂected by ﬁre type)
and topography had a stronger inﬂuence on ﬁre
severity (Fig. 3). Areas experiencing 0–1 ﬁres
before the initial MTBS ﬁre burned more severely
than areas that had burned twice or more,
although this effect was of relatively lower
importance. High-severity ﬁre was predicted
with greater accuracy than the other ﬁre severity
classes in the previous severity model (Table 4).

Water balance metrics may indicate relative
differences in fuel moisture or quantity and have
therefore been considered in previous work on
the Rim Fire (Kane et al. 2015a, Lydersen et al.
2017). To evaluate the potential inﬂuence of
water balance on ﬁre severity, we used climatic
water deﬁcit (CWD) and actual evapotranspiration (AET) from the 2014 California Basin
Characterization Model (Flint et al. 2013). We
downloaded mean 1981–2010 values for CWD
and AET (http://climate.calcommons.org/) and
resampled the rasters to 30-m resolution from
270-m resolution using bilinear interpolation.
These variables were experimentally added one
at a time to the models of ﬁre severity (see Analysis for the models) to determine whether CWD or
AET improved model accuracy. Because adding
these variables increased classiﬁcation error rate
in three of four cases (adding CWD decreased
the error rate in the previous severity model by
0.1%), CWD and AET were not included in the
ﬁnal models.

Reburn severity
The Rim Fire tended to burn at the same severity class as the most recent prior burn (Fig. 4),
except for unchanged areas which tended to initially burn at low severity. When the ﬁre history
variables (time since last ﬁre and severity of the
last ﬁre) were added to the reburn severity
model, the classiﬁcation error rate decreased
from 63.6% to 56.7% and the severity of the prior
burn was the most important variable in the
model (Table 1). The reburn severity model predicted the high and unchanged severity classes
with greater accuracy than the low or moderate
classes (Table 4).
The partial dependence plots from the reburn
severity model show that the Rim Fire tended to
burn at higher severity when the severity of the
last burn had been higher (Fig. 5). Rim Fire severity also tended to be higher when the last burn
was >15 yr ago (Fig. 5). The partial dependence
plots also reveal relationships between topography, vegetation, weather, and ﬁre severity (Fig. 5).
Areas at 750–1000 m elevation burned most
severely, areas with slopes <30° burned at higher
severity than steeper slopes, valleys burned less
severely than ridges, and the conifer and hardwood type burned at higher severity than other
vegetation types. The partial dependence plots for
elevation, slope, and TPI were similar across the
previous severity and reburn severity model,
suggesting that the effect of topography was consistent between the models. Weather was moderately important in the reburn severity model.
Burning Index and the Haines Index, the fourth
and ﬁfth most important variables, were positively related to ﬁre severity.

RESULTS
Previous fire severity
When the severity of the previous burns was
modeled, the most important variable was elevation (Table 3), followed by the ﬁre type (prescribed ﬁre vs. wildﬁre) variable. This ﬁre type
variable was included to reﬂect weather conditions during each burn because weather was not
included in the previous severity model. Based
on the partial dependence plot of the ﬁre type
variable (Fig. 3), large wildﬁres tended to burn
at higher severity than otherwise expected, while
the opposite was true of prescribed ﬁres. Three
topographic variables were the ﬁrst, third, and
ﬁfth most important variables in the previous
severity model, indicating that topographic setting also played a key role (Table 3, Fig. 3). The
most important variable in the previous severity
model was elevation, with areas from 750 to
1250 m tending to burn at higher severity. Climatic water deﬁcit, which was considered for but
not included in the ﬁnal models, and elevation
were strongly correlated (r = 0.87) at the sample points. Slopes of 15–25° burned at the highest
severity, and slopes >35° burned at the lowest
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Fig. 3. Partial dependence of severity of the previous ﬁres on variables used in the ﬁrst random forest model,
in order of variable importance from top left to bottom right: elevation (m), ﬁre type (wildﬁre or prescribed ﬁre),
slope (°), years since last burn, Topographic Position Index (2000 m neighborhood), and number of previous
burns. Only the top six variables in the model are shown (see Table 3 for details on variables). Higher values on
the y-axis correspond to higher probability of high-severity ﬁre.

DISCUSSION

effects in inﬂuencing reburn severity. The high
importance values of the ﬁre effects and time
since ﬁre variables and the lower importance of
terrain variables in the reburn severity model
(Fig. 5) suggest that previous ﬁre effects and not
topography primarily determined ﬁre severity in
the portions of the Rim Fire that had already
burned since 1984. The moderate improvement
in classiﬁcation error rate (from 63.6% to 56.7%)
that resulted from adding past ﬁre severity and
time since ﬁre to the reburn severity model further suggests that this inﬂuence of past ﬁre severity was due not only to the effects of topography

Our ﬁrst research goal was to characterize the
critical controls on ﬁre severity in ﬁre-excluded
forests within the Rim Fire perimeter. The results
of the previous severity model suggest that topographic setting and weather conditions largely
determined previous ﬁre severity, although more
decades of ﬁre exclusion did result in progressively higher ﬁre severity. The second research
goal was to compare ﬁre severity patterns in the
previous ﬁres and reburns and assess the relative
importance of topography and previous ﬁre
❖ www.esajournals.org
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Table 4. Confusion matrices of observed ﬁre severity classes (rows) and predicted severity (columns) from the
random forest model of previous severity class (out-of-bag [OOB] error rate = 63.0%, top rows) and reburn
severity class (OOB error rate = 56.7%, bottom rows).
Fire severity
Previous severity
Unchanged
Low
Moderate
High
Reburn severity
Unchanged
Low
Moderate
High

Unchanged

Low

Moderate

High

Classiﬁcation error (%)

28
60
44
13

35
117
80
45

26
76
75
36

22
55
69
109

0.75
0.62
0.72
0.46

62
51
33
12

37
79
70
23

12
60
102
62

9
33
103
142

0.48
0.65
0.67
0.41

Notes: Numbers represent individual 30 9 30 m pixels sampled on a grid 800 m apart with the classiﬁcation error rate for
each ﬁre severity class shown in the right column. Although predicted classes for all pixels on the grid are reported here, note
that the models were constructed by sampling randomly from the larger observed ﬁre severity classes such that the classes were
equal size when constructing each classiﬁcation tree (n = 111 pixels per class in the previous severity model, n = 120 in the
reburn severity model).

on ﬁre severity but also to the inﬂuence of past
ﬁre severity on vegetation structure and fuels.

elevation gradient, elevation may represent in
part weather conditions or differences in climate
(e.g., moisture deﬁcit). However, the dry summers experienced in California mixed-conifer
and pine forests tend to produce similarly low
surface fuel moistures across topographic gradients and different forest structures by late July or
August (Estes et al. 2012, Banwell et al. 2013).
Therefore, we did not expect water balance to
strongly inﬂuence ﬁre severity in the Rim Fire
and other mid-late summer ﬁres in the analysis.
The lack of model improvement when CWD and
AET were experimentally added to the previous
severity and reburn severity models is consistent
with this expectation. Elevation may also have
acted as a proxy for vegetation type, especially
because the vegetation type variable used in the
previous severity model contained a limited
number of classes (Table 3) and has a coarse spatial resolution (Keeler-Wolf 2007).
The second most important variable was ﬁre
type (prescribed ﬁre vs. wildﬁre). This variable
was likely a proxy for weather conditions during
a burn. For example, prescribed ﬁres burned at
lower severity than would be otherwise expected
given the topography, ﬁre history, and vegetation
types (Fig. 3). Because prescribed burns are
strategically set in weather conditions more conducive to low-severity ﬁre, lower ﬁre severity
would be expected. In contrast, large wildﬁres
(e.g., the 1996 Ackerson Fire) tended to burn at
higher severity than otherwise expected in the

Previous fire severity

Severity of the previous burns, or the ﬁrst
burns covered by the MTBS program within the
Rim Fire perimeter, was controlled by a combination of weather conditions and topography.
Because the Rim Fire burned across a broad

Fig. 4. Fire severity in the Rim Fire (labeled groups
of bars) compared to ﬁre severity in the most recent
burn covered by Monitoring Trends in Burn Severity,
color-coded by severity class.
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Fig. 5. Partial dependence of severity of the Rim Fire on the variables used in the second random forest model,
in order of variable importance from top left to bottom right: severity class of the last burn covered by the Monitoring Trends in Burn Severity (MTBS) program, elevation (m), 2012 LANDFIRE vegetation classes, years since
the last burn covered by MTBS, the Burning Index, the Haines Index, slope (°), Topographic Position Index
(2000 m neighborhood), and aspect (cardinal direction). Higher values on the y-axis correspond to higher probability of high-severity ﬁre.

model, likely because wildﬁres tend to escape
suppression efforts under severe weather conditions (Skinner and Chang 1996). The high importance of the ﬁre type variable therefore suggests
that weather conditions exerted a considerable

❖ www.esajournals.org

inﬂuence on severity of the previous burns along
with topography.
Although we use the term previous burn, only
50% of the burned area had experienced no prior
ﬁre according to the FRAP ﬁre history dataset.
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The other areas had experienced ﬁre 9–80 yr
prior to the previous burn (Table 3). The inclusion of a range of time since last ﬁre in the previous severity model allowed for an assessment of
how progressive fuel accumulation from different lengths of ﬁre exclusion inﬂuenced ﬁre severity. The partial dependence plot for time since
last ﬁre shows that ﬁre severity increased with
time since ﬁre (Fig. 3), suggesting that such progressive accumulation of fuels enhanced ﬁre
severity although weather conditions and topography were more inﬂuential.

positive relationships between Rim Fire severity
and the BI (Fig. 5) were expected given that
higher BI corresponds with higher predicted
ﬂame length based on weather conditions and
fuel moisture (Bradshaw et al. 1983). Similarly,
the observed positive relationship between the
Haines Index and Rim Fire severity (Fig. 5) was
also as expected given that higher Haines Index
values increase the probability for large, erratic
wildﬁres (Haines 1988) and because Lydersen
et al. (2014) found that instability in the lower
atmosphere was associated with higher severity
of the Rim Fire. The inﬂuence of weather on Rim
Fire severity was likely greater in the ﬁrst days of
the ﬁre when unstable atmospheric conditions
promoted rapid-ﬁre spread (Lydersen et al.
2014), and lesser in areas burned later on in
milder conditions. In support of this idea, previous work in portions of the Rim Fire that burned
in milder weather found that weather had relatively little inﬂuence on ﬁre severity (Harris and
Taylor 2015, Kane et al. 2015a).
Elevation, slope, and topographic position were
less important in the reburn severity model than
the previous severity model, but the effects of terrain variables were consistent between the two
models (Figs. 3, 5). Slopes over 30° burned less
severely than lower slopes in both models, which
contradicted our expectations given that ﬁres on
steep slopes spread faster and expose fuels to
more pre-heating when moving upslope (Rothermel 1972). However, very steep slopes also tend
to have less fuel because they are drier and rockier, which could lead to patchier and lower severity ﬁre on these slopes (Estes et al. 2017).
Areas of conifers and hardwoods burned more
severely than other vegetation types, including
shrub land. The forested areas probably had
more continuous and abundant fuels than some
of the other cover classes (e.g., sparsely vegetated) and riparian zones may have been protected from high-severity ﬁre by higher site
moisture (Skinner and Chang 1996, Van de Water
and North 2010). Of the area classiﬁed as forest
22% burned at high severity in the previous ﬁres
and 31% at moderate severity, suggesting that
large portions of the conifer and hardwood types
contained mostly young, low-stature trees which
would make the stands susceptible to high-severity ﬁre. The fact that shrub land burned at lower
severity than otherwise expected was surprising

Rim Fire severity

The severity of past ﬁres was the most important variable explaining Rim Fire severity in the
reburn severity model, with areas initially burning at moderate- to high-severity burning at moderate–high severity again in the Rim Fire. This
result is consistent with positive feedbacks
between ﬁre severity, vegetation, and local climate that tend to cause areas to reburn at similar
severity (Collins et al. 2009, Odion et al. 2010,
Runyan et al. 2012, Paritsis et al. 2015, Coppoletta et al. 2016, Harvey et al. 2016, Lauvaux et al.
2016). An analysis of ﬁre severity in the southeastern portion of the Rim Fire (Kane et al. 2015a)
found a similar positive relationship between previous ﬁre severity and Rim Fire severity, but that
time since ﬁre and water balance were more
inﬂuential than previous ﬁre severity.
Time since last ﬁre was also positively related
to ﬁre severity, reﬂecting the effect of progressive
post-ﬁre fuel buildup on potential ﬁre intensity.
Other studies have inferred that lack of fuels postﬁre limits the spread and severity of subsequent
ﬁres (Collins et al. 2009, Holden et al. 2010, van
Wagtendonk et al. 2012, Parks et al. 2014, 2015a,
2016, Kane et al. 2015a, Harvey et al. 2016,
Stevens-Rumann et al. 2016, Prichard et al. 2017)
for a 6–30+ yr period, although abundant snags
in areas recently burned at high severity may
partly offset this limitation by providing coarse
fuels and creating pockets of fuels when fallen
(Coppoletta et al. 2016). The reburn severity
model suggests that such a limiting effect of previous ﬁre on subsequent ﬁre severity was active
for ~10 yr post-ﬁre and diminished substantially
by 15 yr post-ﬁre (Fig. 5).
Rim Fire severity was also affected by weather,
topographic setting, and vegetation type. The
❖ www.esajournals.org
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et al. 2013), meaning that the drought likely had a
more limited effect on severity of the Rim Fire in
these areas. However, higher-elevation red ﬁr
forests (11% of conifer forest in the study area)
retain moisture later into the summer, potentially
moderating ﬁre severity through July–August
(Collins et al. 2007). In these red ﬁr forests,
the drought may have been critical in enabling
high-severity ﬁre.

given the positive relationship between shrub
cover and ﬁre severity found for portions of the
Rim Fire (Lydersen et al. 2014, Harris and Taylor
2015) and in other ﬁres (Collins et al. 2007,
Thompson and Spies 2009, Coppoletta et al.
2016, Estes et al. 2017). These areas may have
been predominantly steep slopes with sparse
shrub cover instead of denser chaparral, in which
case the shrub–ﬁre severity relationship observed
in the model would be the result of lower fuel
abundance and patchier fuels in areas classiﬁed
as shrub land.
The Rim Fire was uncharacteristically severe,
as suggested by analyses of timber inventories
from the early 1900s and tree ring reconstructions of late nineteen-century conditions in the
Sierra Nevada, which indicate that stand-replacing ﬁre was historically rare in Sierran dry pine
and mixed-conifer forest (Scholl and Taylor 2010,
Maxwell et al. 2014, Taylor et al. 2014, Collins
et al. 2015, Stephens et al. 2015). Fire history
studies conducted in the Sierra Nevada suggest
that large portions of dry pine and mixed-conifer
forests burned frequently (i.e., 5–15 yr) in the
past at low–moderate severity and that ﬁre frequency and severity varied with dominant species and topographic and climatic setting (Caprio
and Swetnam 1995, Skinner and Chang 1996,
Beaty and Taylor 2008, Taylor and Scholl 2012).
The inﬂuential role of past ﬁre severity in determining severity of the Rim Fire in the reburn
severity model indicates that recent (since 1984)
high-severity burns helped set the stage for the
uncharacteristically high severity observed in the
Rim Fire.
The uncharacteristically high severity of the
Rim Fire was also likely in part due to exceptional
drought in California (Robeson 2015, Belmecheri
et al. 2016). Diminished winter snowpack in YNP
has been shown to correspond with greater area
burned and a greater proportion of high-severity
ﬁre (Lutz et al. 2009). Drier conditions make
higher-elevation forests available to burn earlier
in the ﬁre season, which likely accounts in part for
the observed increase in the maximum elevation
of ﬁres in the Sierra Nevada since 1900 (Schwartz
et al. 2015). In Sierran mixed-conifer forests or
dry pine forests (75% and 13% of conifer forest in
the study area, respectively), fuel moistures are
commonly low enough to support high-severity
ﬁre by July or August (Estes et al. 2012, Banwell
❖ www.esajournals.org

Limitations and model accuracy
This study has a number of limitations. We
analyzed severity of only ﬁres covered by the
MTBS program, which eliminates any burns
<404 ha. Therefore, portions of the study area
burned in smaller ﬁres, which were not considered in determining prior ﬁre severity. We investigated the impact of adding data on smaller ﬁres
within YNP to the analysis (see Fire history and
severity) but concluded that because <5% of the
study area would have been affected by this
addition that using consistent criteria for choosing ﬁres to consider inside and outside YNP was
preferable to including the small ﬁre data. Postﬁre management practices such as salvage logging and tree planting may inﬂuence subsequent
ﬁre severity (Thompson et al. 2007), but considering post-ﬁre tree planting as reported in the
FACTS database did not improve the reburn
severity model. However, because such activities
were not required to be reported to the FACTS
database over the period of analysis, more salvage logging and replanting was likely to have
occurred than was identiﬁed in this analysis.
Likewise, historical logging and land use history
could have inﬂuenced the severity of the re-entry
burns through long-term effects on forest structure (Knapp et al. 2013, Taylor et al. 2014).
Although two weather variables were considered
in the reburn severity model, weather conditions
were not explicitly considered in the previous
severity model due to the difﬁculty of determining daily ﬁre perimeters for burns spanning
1987–2012.
Because our RF models predicted ﬁre severity
in four classes, the resulting classiﬁcation accuracies are difﬁcult to compare with studies predicting severity in two classes or continuous severity.
Lower classiﬁcation error rates would be
expected in the reburn severity model because it
(1) includes weather, (2) includes previous ﬁre
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effective predictor of ﬁre severity in our study
area. The effect of water balance on ﬁre severity
is potentially diminished by mid-late summer in
California pine and mixed-conifer forests because
fuel beds become similarly dry across different
vegetation structures and topographic settings
(Estes et al. 2012, Banwell et al. 2013). Terrain
was a strong inﬂuence on both ﬁre severity
models, and the effects of terrain variables were
consistent between the models, indicating that
topographic setting is a useful guide to determining locations for fuel treatments (North et al.
2009). However, past ﬁre severity and its effects
on vegetation and fuels was the dominant inﬂuence on reburn severity, indicating that past ﬁre
severity must be considered as well. In addition,
past ﬁres limited subsequent ﬁre severity in our
study area for a period of 10–15 yr. Determining
the length of this effect and how it diminishes
over time in different regions and vegetation
types would provide vital information to land
managers. Although the effect is likely to vary
according to vegetation type, productivity, and
prior ﬁre severity, more work is needed to evaluate these relationships (Parks et al. 2014).
Large swaths of high-severity ﬁre as observed
in portions of the Rim Fire may result in large
areas of shrub lands due to a lack of nearby seed
sources for trees and unfavorable microclimatic
conditions for tree establishment (Savage et al.
2013, Lauvaux et al. 2016) as well as the longterm persistence of shrub seed banks which
allows shrubs to rapidly colonize burned areas
(Knapp et al. 2012). Alternatively, conifer regeneration may be vigorous following a ﬁre, but
repeated ﬁres may maintain early seral vegetation. In our study area, 81% of the area burned at
high severity in the previous ﬁres was classiﬁed
as conifer or hardwood in the 2012 LANDFIRE
EVT layer, suggesting that forest recovery in
high-severity areas of the previous ﬁres was
indeed vigorous. However, in a study of tree
regeneration following 14 ﬁres in California that
occurred between 1999 and 2007, over half of the
60-m2 study plots had 0–1 seedlings and saplings
(Welch et al. 2016). In drier post-ﬁre conditions
and in larger high-severity patches, post-ﬁre tree
regeneration is increasingly limited (Tepley et al.
2017), suggesting that tree regeneration may be
sparse after ﬁres like the Rim Fire which burn at
relatively high severity and during prolonged

severity, and (3) uses LANDFIRE EVT instead of
the 1977 CALVEG map, which has a very coarse
spatial resolution (Keeler-Wolf 2007). The difference in spatial resolution as well as categorical
resolution of the vegetation datasets may be one
cause of the relatively greater inﬂuence of vegetation type in the reburn severity model. The
confusion matrices (Table 4) show that both
models predicted high-severity ﬁre with the
greatest accuracy. However, the previous severity model predicted the unchanged class no better than chance alone (error rate = 0.75) while in
the reburn severity model it was correctly classiﬁed over half the time. Classiﬁcation error rates
were improved by decreasing sampling intervals
from 800 m to 200–600 m (Appendix S1), but we
used the 800-m interval for our analysis as a conservative approach to reduce the potential for
model overﬁtting. The accuracy of these models
may have also been improved by considering
vegetation and fuel structure and composition in
greater detail through ﬁeld plots or high-resolution remote sensing.

Management implications and future work

Taken together, the models of previous ﬁre
severity and reburn severity suggest that the
mosaic of past ﬁres strongly inﬂuenced ﬁre severity within the Rim Fire area. Despite the context
of exceptional drought and extreme weather conditions early in the Rim Fire that led to rapid-ﬁre
spread (Lydersen et al. 2014), we found weather
to be only moderately important in determining
reburn severity. In addition to burning under
extreme ﬁre weather, the areas burned early in
the Rim Fire likely had characteristics such as
high surface fuel loads and low-stature vegetation that predisposed them to burning at high
severity. These results suggest that prescribed ﬁre
or low-severity wildﬁre were effective in moderating severity of the Rim Fire despite the extreme
conditions and that applying more low-severity
ﬁre would likely moderate ﬁre effects in future
wildﬁres. This conclusion echoes that of Lydersen
et al. (2017), who performed a landscape-level
analysis of the drivers of proportion of highseverity ﬁre within the Rim Fire using weather,
vegetation, water balance, and fuel treatment
data. Although water balance inﬂuenced ﬁre
severity in subsets of the Rim Fire (Kane et al.
2015a), we found that water balance was not an
❖ www.esajournals.org
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