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ARTICLE INFO ABSTRACT

Keywords: The 2012-2016 hotter drought in the Sierra Nevada, California, USA led to the mortality of millions of trees. This
Bark beetle disruption to the disturbance regime is an example of how climate extremes can exacerbate current and future
California

wildfire risks. In this study, we used data from an extensive network of forest plots across 13 different sites in the
Sierra Nevada to characterize ground (i.e., duff) and surface fuels and their potential drivers shortly after the
drought (2016-2018), but before snag (standing dead tree) fall associated with this massive tree mortality event
occurred. Overall, we found high biomass of fuels for most sites (138.2 + 21.7 Mg ha~!, Mean + 95 % CI),
especially in areas lacking recent fire or active management, with values up to five times higher than estimates
for pre-settlement conditions for mixed-conifer forests in the region. Four major groups of forest overstory
structure were identified with some distinct fuel characteristics. These ranged from a cluster of ponderosa pine
(Pinus ponderosa Douglas ex Lawson)-dominated plots with the highest density of snags, lowest live tree basal
area, and lowest total ground and surface fuel biomass (mean = 90.1 Mg ha™') to a group of giant sequoia
(Sequoiadendron giganteum (Lindl.) J. Buchholz)-dominated plots with the highest live tree basal area and highest
total fuel biomass (mean = 547.6 Mg ha™!). Although we found relatively weak relationships between forest
characteristics and fuel loads, their inclusion in a model selection framework that also considered biophysical
variables and disturbance history explained>80 % of the observed variation in litter + fine woody debris loads.
The baseline fuel conditions described here will not only inform the management of drought-impacted forests in
the Sierra Nevada, but also help identify key drivers of fuel succession in a changing environment.

Ground fuels
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1. Introduction

The disruption of forest disturbance regimes by global change poses
a grave risk to the resilience of forest ecosystems (Seidl et al., 2016).
Among the major disturbance agents, the climate-induced (sensu Seidl
et al., 2017) increases in the extent, severity, and unpredictability of
wildfires are perceived as a threat to human society (Kareiva and Car-
ranza, 2018; Parks and Abatzoglou, 2020). In this regard, Gillson et al.
(2019) argue that wildfire management in the Anthropocene must adapt
to promote social-ecological resilience. A common charge from these
reviews (Gillson et al., 2019; Seidl et al., 2016) is the need for an

adaptive, learning-based approach to managing this and other shifts in
the disturbance regime.

Unfortunately, the current condition of the vast conifer forests in the
Sierra Nevada (California) provides a specific example of these global
concerns. Decades of extensive fire exclusion and suppression, logging,
grazing and expansion of the wildland-urban interface (Byer and Jin,
2017; Dore et al., 2016; Stephens et al., 2018) have dramatically altered
the forest disturbance regime once dominated by frequent, low-to-
moderate intensity surface fires (Hagmann et al., 2021; North and
Hurteau, 2011; Restaino et al., 2019; Stephens et al., 2007). Conse-
quently, large areas of this region are covered by overstocked forests

* Corresponding author at: Wildlife Conservation Society (WCS), 2300 Southern Boulevard Bronx, New York 10460, USA.

E-mail address: evilanova@wecs.org (E. Vilanova).

https://doi.org/10.1016/j.foreco.2023.120945

Received 2 December 2022; Received in revised form 15 March 2023; Accepted 17 March 2023

Available online 4 April 2023
0378-1127/© 2023 Elsevier B.V. All rights reserved.


https://doi.org/10.1016/j.foreco.2023.120945
mailto:evilanova@wcs.org
http://www.elsevier.com/locate/foreco

E. Vilanova et al.

that are often more vulnerable to drought, high-severity wildfires,
increasing temperatures, and other disturbance agents (Stephens et al.,
2018). A major worry under projected hotter and drier climate scenarios
(Dettinger et al., 2018) is that critical ecosystem services (e.g., biodi-
versity, carbon storage, water regulation, and wildlife habitat) may be
compromised by recurring wildfires burning at uncharacteristically high
severity. For example, results from a recent study (Steel et al., 2022)
justify this worry, where 30 % of the conifer forest extent in the southern
Sierra Nevada transitioned to non-forest vegetation between 2011 and
2020 due to wildfires, drought, and drought-incited bark beetle
epidemics.

A well-documented consequence of the structural changes produced
by fire exclusion and suppression in forests across the western U.S., and
particularly in California, is the substantial increase in fuel loads (Agee
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etal., 1977; Lydersen et al., 2019; Safford and Stevens, 2017; Steel et al.,
2015). While ground and surface fuels provide important ecological
functions (Harmon and Sexton, 1996), in combination with weather,
topography and vegetation structure, these are also a fundamental
driver of fire behavior and effects (Keane, 2013; Moritz et al., 2005). In
the case of Sierra Nevada forests, greater surface fuel loads increase
potential surface fire flame lengths leading to canopy torching and
increased fire severity (Agee and Skinner, 2005; Stevens et al., 2017).
The significant departure from historical conditions that already
existed in many Sierra Nevada forests, along with elevated rates of tree
mortality broadly observed after the 2012-2016 drought (Axelson et al.,
2019; Fettig et al., 2019; Robbins et al., 2022), increases the potential for
ongoing and worsening hazardous surface fuel accumulations (Fig. 1).
While the tree mortality episode that peaked in 2016 has slowed, as of

Fig. 1. Examples of high levels of tree mor-
tality, high surface fuel loads, and severe
wildfires effects in forests in the Sierra
Nevada, California: a) Large numbers of dead
trees after the drought near Goat Mountain,
Sierra National Forest, 2017 (Photo credit:
Christopher J. Fettig, Pacific Southwest
Research Station, USDA Forest Service); b)
High loads of large surface fuels near Bass
Lake, Sierra National Forest, 2020 (Photo
credit: Leif A. Mortenson, Pacific Southwest
Research Station, USDA Forest Service); c¢)
Dense forests and coarse woody debris at
Yosemite National Park, California, 2020
(Photo credit: Emilio Vilanova, University of
California); d) Large giant sequoia (Sequoia-
dendron giganteum (Lindl.) J. Buchholz) killed
by the Castle Fire at the Mountain Home
Demonstration Forest, California in 2020
(Photo credit: Emilio Vilanova).
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2022 California continues in a multi-year drought (Williams et al., 2022)
and tree mortality remains elevated in most areas (Wang et al., 2022),
additional inputs to fuel biomass from current and future pulses of tree
mortality are expected as tree health declines and snags (standing dead
trees) breakdown and eventually fall to the forest floor. As such, robust
characterization of wildland fuels has never been more important. On
one hand, fuel reduction treatments are difficult to design and imple-
ment without an accurate quantitative description of fuels (Agee and
Skinner, 2005; Cansler et al., 2019; Lydersen et al., 2014; Ryan et al.,
2013). On the other, it is essential to document the immediate, post-
disturbance conditions to understand the potential trajectory of future
fuel conditions (Kennedy et al., 2021).

Because duff and surface fuels are essentially composed of dead
biomass falling from the aboveground vegetation in different forms,
sizes, and conditions, it is expected that forest composition and structure
play a major role in their quantity and distribution. Yet, studies focusing
on these relationships (e.g., Cansler et al., 2019; Collins et al., 2016;
Lydersen et al., 2015) have shown mixed results with forest structure
and composition being relatively weak predictors of surface fuel loads,
ultimately reflecting the intricacy of accurately estimating surface fuel
loads. The overarching goal of this study is to evaluate how well we can
classify and predict post-disturbance fuel loads across a large geographic
region. Here, we combined two networks of field measurements in the
Sierra Nevada to produce the extensive, high-quality data needed to
inform fire management applications (Keane 2013). For this, we used
fuel measurements taken between 2016 and 2018 from sites across the
Sierra Nevada to explore potential environmental and disturbance-
related predictors of fuel loads. Specifically, we asked three main
questions:

1) What is the magnitude and distribution of surface fuels after the
2012-2016 drought in the western Sierra Nevada, but prior to the
commencement of widespread snag fall, across a range of forest
conditions?

2) Can relatively distinct vegetation groups with different fuel load
properties be identified to help streamline management approaches?

3) What combination of overstory metrics, biophysical factors and
disturbance events best explain the amount and variability in duff
and surface fuels across western Sierra Nevada forests?

A better understanding of fuel conditions following drought can help
inform forest management, particularly given the growing attention to
optimizing forest fuel reduction treatments to reduce wildfire risk, and
the increasing frequency and extent of drought related tree mortality
occurring under a warming climate. Ultimately, our results will not only
help inform forest management in the Sierra Nevada, but also help
evaluate the challenges for a learning-based approach (Gillson et al.
2019) to wildfire management in the era of global change.

2. Materials and methods
2.1. Study area

We combined two networks of permanent forest plots distributed
across a latitudinal gradient in the western Sierra Nevada. Collectively,
these 13 sites provide a broad sample of current conditions in Sierran
mixed-conifer forests (Safford and Stevens, 2017). Prior to extensive fire
suppression beginning in the early 20th century, these forests had low-to
moderate severity frequent-fire regimes (i.e., < 35 years) (North et al.,
2022; Safford and Stevens, 2017). They are dominated by a mix of tree
species that may include ponderosa pine (Pinus ponderosa Douglas ex
Lawson, PIPO), Douglas-fir (Pseudotsuga mengziesii (Mirb.) Franco,
PSME), incense cedar (Calocedrus decurrens (Torr.) Florin, CADE), white
fir (Abies concolor (Gord. & Glend.) Lindl. ex Hildebr., ABCO), red fir
(Abies magnifica A. Murray bis, ABMA), Jeffrey pine (Pinus jeffreyi Balf.,
PLJE), sugar pine (Pinus lambertiana Douglas, PILA), California black oak
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(Quercus kelloggii Newberry, QUKE), and giant sequoia (Sequoiadendron
giganteum (Lindl.) J. Buchholz, SEGI) (Fig. A1-Appendix A). The climate
of the western Sierra Nevada is Mediterranean with cool, wet winters
followed by warm-to-hot, dry summers. Going forward, temperatures
are expected to rise (3 to 5 °C on average by the end of the 21st century)
and the summer drought period is expected to lengthen (Dettinger et al.,
2018). Across the studies sites, normal (i.e., 1981-2010) annual pre-
cipitation is 830-1,270 mm, with higher values recorded in the northern
Sierra Nevada (Fig. 2, Fig. A2-Appendix A). Of note, as much as a 40 %
reduction in precipitation occurred during the 2012-2016 drought
(PRISM Climate Group, 2020; Young et al., 2017) (Fig. 2). The warm and
dry characteristics of this period, significantly enhanced by anthropo-
genic warming (Williams et al., 2020), were closely tied to a multi-year
deep-rooting-zone drying influencing forest die-off (Goulden and Bales,
2019).

2.2. Field sampling and site description

Data collection occurred on a total of 462 plots. The majority (n =
282) were 12.62-m fixed-radius plots (plot area = 0.05 ha) installed
between 2017 and 2018 as part of the California Tree Mortality Data
Collection Network managed by University of California-Berkeley (UCB)
(Axelson et al., 2019). Each of these sites were designed to capture
landscape-level variations in forest conditions while not crossing major
management, vegetation, or edaphic gradients. The UCB plot placement
was stratified by generalized random tessellation sampling (GRTS)
within each ~ 1.5-2.0 km? site (Stevens and Olsen, 2004).Thus, the final
number of plots at each location ranged from 22 to 37, depending on
terrain complexity (Table 1). The remaining plots (n = 180) are part of a
network of 11.3-m fixed-radius plots (plot area = 0.041 ha) installed in
2016 and 2017 by the USDA Forest Service (USFS) at four sites, with 45
plots each in the Eldorado, Stanislaus, Sierra, and Sequoia National
Forests. The USFS sampling approach design relied on a stratified
random assignment of plots among latitudinal and elevational gradients.
Moreover, sampling was concentrated in the more pine-dominated
stands, where PIPO accounted for > 35 % of total plot basal area (Fet-
tig et al., 2019). Plots from both datasets occurred between 929 and
2,300 m in elevation (mean elevation = 1,605 m) (Table 1).

To document the disturbance history, we used data from different
sources based on plot location. For past fire extents, we used the Fire and
Resource Assessment Program (FRAP) database from the California
Department of Forestry and Fire Protection (available at https://frap.
fire.ca.gov/frap-projects/fire-perimeters/) that provides spatially
explicit perimeters for fires > 4.05 ha in California. We included records
of both wildfires and prescribed fires for 1950-2018. Information from
the Monitoring Trends in Burn Severity program (MTBS, https://www.
mtbs.gov/) which maps fire severity and extent of large fires (i.e., >
404.7 ha) in the western U.S. from 1984-present was also used. The
Rapid Assessment of Vegetation Condition after Wildfire (RAVG) pro-
gram that produces data estimating post-fire vegetation conditions on
National Forest System (NFS) lands was also examined for relevant in-
formation (https://burnseverity.cr.usgs.gov/products/ravg). Finally,
we obtained data on timber harvests and hazardous fuel treatments for
1950-2018 from the Timber Harvest and Hazardous Fuels datasets from
the USFS’s Forest Activity Tracking System (FACTS) (https://data.fs.
usda.gov/geodata/edw/datasets.php).

2.3. Plot data, over and understory measurements and fuel loads

In all 462 plots, a comprehensive set of metrics describing vegetation
composition, forest structure, and fuel loading were collected. For trees
> 10 cm dbh, tree species, dbh, total height, and height to the base of the
live crown were recorded. The condition of each tree was evaluated to
determine its canopy stratum, status (i.e., live or dead, based on the
presence or absence of live foliage), vigor class (live trees) or snag class
(dead trees), and probable cause(s) of death. On USFS plots,
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Fig. 2. A) Relative location of 462 plots over 13 sites in the Sierra Nevada, California. Shaded dots represent the approximate plot position including overlap within
each location; B) Geographic location of plots over a map of mean annual precipitation (rainfall + snow) during drought period. Data from PRISM Climate Group
(2020). C) Geographic location of plots over a map of mean annual temperature during the drought period. Data from PRISM Climate Group (2020). Location codes
(N to S): PLUM: Plumas National Forest; BRTN: Burton Creek State Park; BFER: Blodgett Forest Research Station-Ecological Reserve; BFST: Blodgett Forest Research
Station-Single Tree Selection; ELD: Eldorado National Forest; CGH: Cottonwood Gulch Watershed; STAN: Stanislaus National Forest; YOMI: Yosemite National Park-
Mixed Conifer; YOPI: Yosemite National Park-Pine Dominated; SIE: Sierra National Forest; SEKI: Sequoia and Kings Canyon National Park; MTH: Mountain Home

Demonstration State Forest; SEQ: Sequoia National Forest.

approximate year of tree death was also recorded (see Fettig et al.,
2019). Combined, both datasets included information on 10,773 over-
story trees, of which 66.2 % were alive at the time of our evaluations.

Fuel loads were measured in three transects per plot following the
planar intersect method (Brown, 1974). In total, we measured fuel loads
on 1,386 transects (mean of 106 transects per location). Fine woody
debris (FWD) were classified by three diameter classes (<0.64 cm
diameter; > 0.64 < 2.54 cm; > 2.54 < 7.62 cm) that correspond to 1-,
10-, and 100-hour fuel classes (Fosberg, 1970; Table Al, Appendix A).
The FWD sample intensity, as defined by the transect length, differed
slightly between the two plot networks. For the UCB plots, 1- and 10-h
fuels were counted for 2 m and the 100-h fuels for 3 m. For the USFS
plots, 1-and 10-h fuels were tallied for 1.8 m and 100-h fuels were tallied
along 3.6 m. For both UCB and USFS plots, the diameter, species, and
decay class were recorded for all 1000-h fuels (coarse woody debris;
CWD with diameter > 7.62 cm) along the full length of each transect
(12.61 and 11.3 m, respectively). Major and minor axis diameters were
recorded for 1000-h fuels with oval or elliptical forms, and diameters
were estimated for partially buried pieces. Finally, duff and litter depth
were measured at one (USFS plots) or two (UCB plots) sampling points
along each transect.

All duff and surface fuels were converted to equivalent estimates of
biomass per unit area (Mg ha™!). These estimations were done using the
working version of the Rfuels package (Foster et al., 2018) which allows
for rapid calculations of fuel loads, and includes all relevant equations
developed for Sierra Nevada forests (van Wagdendonk et al., 1996; van
Wagtendonk et al., 1998) widely used in related studies (e.g., Cansler
et al., 2019; Collins et al., 2016; Lydersen et al., 2015; Stephens and
Moghaddas, 2005). To ensure plot-level estimates captured differences
in species composition, we used place-based loading corrections in
which the coefficients required to calculate fuel loads were weighted by
the relative basal area of the main constituent tree species in each plot.

2.4. Analytical approach

We took a tiered approach to our analysis of contemporary fuel loads
across the Sierra Nevada. We started with a straightforward summary
and comparison of site level differences (Question 1). Next, we applied
clustering techniques to quantify the potential for overstory metrics (i.e.,
forest composition and structure) to identify consistent categories of fuel

conditions (Question 2). Finally, we used a combination of variable
importance analysis and mixed effects modeling to evaluate how well
fuel loading can be predicted from a comprehensive array of overstory,
biophysical, and disturbance variables (Question 3). This tiered
approach builds in analytical complexity and incorporates results from
earlier steps to inform subsequent steps.

To understand correlates of fuel loads across a range of forest con-
ditions (Question 1), we summarized the mean and variance (i.e., 95 %
confidence intervals) of the relevant structural, biophysical, and
disturbance characteristics of each site (n = 13). Specifically, tree in-
ventories were used to calculate the overstory tree structure by site. Plot-
level biophysical factors included elevation, slope, aspect, and actual
evapotranspiration (AET). AET (mm y'l) for 1981-2010 was obtained
from a 270-m resolution product from the California Basin Character-
ization Model (Flint et al., 2013, Table 1). AET has been shown to be
well correlated with biomass production and can serve as a suitable
proxy for the fuel loading in many ecotypes (Parks et al., 2014). The
disturbance history was assessed using three metrics: type of disturbance
(i.e., wildfire, prescribed fire, thinning or timber harvest), time since last
disturbance, and number of disturbances recorded at each plot during
1950-2018. For each site, fuel loads were summarized by fuel class.
Given the non-normal distribution of fuel data (Fig. A3-Appendix A),
differences among sites were evaluated with the nonparametric Kruskal-
Wallis test.

To determine if fuel loads were associated with overstory composi-
tion and structure (Question 2), we used the tree inventories to identify
distinct vegetation groups. Groups were defined using k-means clus-
tering, an unsupervised machine learning algorithm that groups similar
plots together in order to discover underlying patterns (Gotelli and
Ellison, 2004). To determine the optimal number of clusters in the data,
we used the gap statistic method (factoextra R package, Alboukadel and
Mundt, 2020) and selected the number of clusters that maximized this
value (Tibshirani et al., 2001). After determining the number of clusters,
we used the kmeans function to conduct the clustering of vegetation
groups with a maximum of 250 iterations (4.2.2 version of the R soft-
ware, R Core Team, 2022). Since there are more than two dimensions (i.
e., variables) being used, one of the results of this analysis is a Principal
Component Analysis (PCA) including plots within vegetation clusters.
All predictor variables were relativized by range to account for different
units and dimensions. Following the clustering analysis, we summarized



Table 1

General description of study sites. AET: Actual evapotranspiration for 1981-2010 obtained from a 270-m resolution product from the California Basin Characterization Model for California (Flint et al., 2013). QMD: Mean
plot quadratic mean diameter. CI: 95 % confidence intervals. SD: Standard deviation. UCB: University of California-Berkeley; USFS: USDA Forest Service. Sites organized approximately from north to south. ! Mean of years
since a disturbance event (i.e., thinning, timber harvest, wildfire or prescribed fire) was recorded at each plot during 1950-2018.

‘ID 32 DAOUDIA “H

Jurisdiction / Location Location Data Number of Mean Mean Mean Live basal area  Live tree Dead basal Dead tree Mean time since last
ownership name code source plots elevation (m) AET QMD (cm) (m?ha ) density area density disturbance (years)
(mm y (trees ha™1) (m?ha™1) (trees ha™!)
1
) Mean 95 Mean 95 % Mean 95 Mean 95
% CI % %
CI CI CI
National Forest Plumas PLUM UCB 29 1,479 408.9 28.9 51.2 7.5 855.2 1324 4.6 2.1 52.4 25.7 28
State Park Burton Creek BRTN UCB 36 2,026 361.3 46.2 49.6 7.1 349.4 83.9 10.3 3.8 63.3 26.9 60.5
Research Forest Blodgett Forest- BFER UCB 22 1,307 577.9 55.6 117.4 21.0 481.8 75.3 18.2 11.5 127.3 34.1 68
Ecological Reserve
Research Forest Blodgett Forest-Single BEST UCB 22 1,308 585.2 44.4 68.2 8.1 462.7 56.6 4.9 2.2 55.5 16.7 14.3
Tree Selection
National Forest Eldorado ELD USFS 45 1,369 505.2 35.9 23.2 6.1 254.4 60.6 40.6 7.1 2139 326 54.1
National Forest Cottonwood Gulch CGH UCB 36 2,168 381.1 45.9 62.1 11.3  387.8 68.0 12.6 5.9 58.3 16.5 17.4
Watershed
National Forest Stanislaus STAN USFS 45 1,323 483.8 32.9 15.6 4.0 197.2 48.8 42.9 7.0 277.8 48.4 20.1
National Park Yosemite-Mixed YOMI UCB 37 1,420 446.1 60.7 62.4 15.7  216.8 37.0 49.8 12.3 2227  40.5 5.2
Conifer
National Park Yosemite-Pine YOPI UCB 35 1,719 380.6 38.7 44.4 144  366.3 67.9 43.5 13.1 261.1 71.1 64.5
National Forest Sierra SIE USFS 45 1,398 456.1 29.1 9.7 3.0 190.6 52.4 43.6 6.2 297.8 41.0 48.9
National Park Sequoia and Kings SEKI UCB 29 1,694 374.7 43.9 46.5 10.5 322.8 66.2 38.9 8.0 180.7 52.7 50.2
Canyon
State Demonstration Mountain Home MTH UCB 36 1,944 356.1 76.9 124.4 40.3 253.3 36.7 37.7 21.0 82.8 24.9 68
Forest
National Forest Sequoia SEQ USFS 45 1,716 353.7 31.9 15.3 3.5 2289 51.1 38.9 6.4 250.6 33.6 38.4
Mean 36 1,605 436.2 43.9 53.1 11.7  351.3 64.4 29.7 8.2 1649  35.7 41.2
Std. Dev. 8 295.4 81.3 13.9 35.8 10.1 179.7 24.7 16.7 5.2 94.6 15.3 28.1

SP60ZI (£20T) LES WawaSDUD pup A30]09Y 352404



E. Vilanova et al.

forest characteristics and surface fuel loads for each of the clusters
identified. For these analyses, we simplified the fuel classes into three
groups: FWD + litter, duff, and 1000-h fuels to reflect their combustion
behavior. Litter and FWD dry quickly, making them readily available to
burn, thus are the primary fuel for wildfire ignition and spread (Good-
win et al., 2021). In contrast, the duff layer is consumed by smoldering
combustion in the wake of the flaming front and may produce heat for a
much longer duration. Fire can also persist in the heavy woody fuel (i.e.,
1000-h fuel) and generate heat for prolonged periods due to the
dampening effect of their moisture content (Goodwin et al., 2021; Knapp
et al., 2005). Here, we again used the Kruskal-Wallis statistic to test for
differences in fuel loads among clusters.

We evaluated the skill of potential predictors of duff and surface fuels
(Question 3) through a series of analyses designed to build generalized
mixed effects models that best explain the data while also protecting
against overfitting (i.e., an information theoretic approach, Burnham
and Anderson, 2002). First, we documented correlations among vari-
ables and fuel loads by producing a pair-wise Kendall’s tau (t) correla-
tion matrix. Given the abundance of correlations among potential
predictions, we applied a random forest analysis to rank the most
important variables (function varlmp in the caret R package; Khun,
2020) in terms of their ability to predict each response (i.e., duff, FWD +
litter, and 1000-h fuels).

Prior to analysis, aspect was transformed to account for the circular
nature of the measure (Martinez et al., 2019), and then all continuous
variables were centered and standardized to directly compare their ef-
fects. The results from the variable importance analyses informed the
development of generalized mixed effects models for the three major
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classes of fuels. The top five variables in importance were initially used
to test alternative models for each fuel class. Based on the significance of
each predictor, a stepwise selection process was followed to sequentially
eliminate variables from the original full (saturated) model to find a
reduced version that best explained each fuel class. If a high degree of
collinearity was detected between variables that were ranked as most
important (e.g., SDI and QMD), we added the next most important in-
dependent variable. A component of plot within location was included
as a random effect in all the models tested, while all explanatory vari-
ables were fixed effects. The amount of variation explained by random
and fixed effects was quantified by calculating the conditional (c) and
marginal (m) R? for all models. R% is indicative of the variance
explained by both fixed and random effects, whereas R?m indicates the
variance explained by fixed effects only (predictive variables) (Naka-
gawa and Schielzeth, 2013). The ‘best’ model was selected based on the
corrected version of the Akaike information criterion (AICc) (Johnson
and Omland, 2004). The mixed effects models were built using the
glmmTMB R package (Brooks et al., 2017). R? and AICc values were
calculated using the MuMIn R package (Barton, 2022).

3. Results
3.1. Fuel loadings across sites

Throughout the study area, fuel loads tended to be high, with an
average sum for all fuel classes of 138.2 + 21.7 (mean + 95 % CI) Mg
ha'. On average, 44 % of the total fuel loadings was composed by
CWDs, followed by duff (28 %), litter (22 %) and FWD (6 %). However,

Fuel Class

. Litter
B ourt

1-hour

i

. 10-hour
B 100-hour
CWDs

0 100

200 300

Fuel Load (Mg ha™)

Sites ordered from North to South

Fig. 3. Mean duff and surface fuel loads for 13 sites in the western Sierra Nevada, California. Site codes (from north to south): PLUM: Plumas National Forest; BRTN:
Burton Creek State Park; BFER: Blodgett Forest Research Station-Ecological Reserve; BFST: Blodgett Forest Research Station-Single Tree Selection; ELD: Eldorado
National Forest; CGH: Cottonwood Gulch Watershed; STAN: Stanislaus National Forest; YOMI: Yosemite National Park-Mixed Conifer; YOPI: Yosemite National Park-
Pine Dominated; SIE: Sierra National Forest; SEKI: Sequoia and Kings Canyon National Park; MTH: Mountain Home Demonstration State Forest; SEQ: Sequoia

National Forest.
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there was large variation in surface fuels across and within sites (Fig. 3;
Table B1-Appendix B). The greatest variation was found for the 1000-h
class with a mean of 60.9 + 20.8 Mg ha™! (range of 0-3,627.9 Mg ha™1).
Within FWD, a mean of 0.7 4+ 0.1, 3.2 & 0.2, and 4.6 + 0.5 Mg ha~! was
estimated for 1-, 10- and 100-h fuels, respectively. Litter accounted for
29.8 + 1.7 Mg ha! on average, with duff being 39.0 + 2.4 Mg ha ' We
found significant differences across all 13 sites and for every fuel class
(Table B1; Fig. B1-Appendix B). The highest biomass for litter (53.8 +
14.8 Mg ha~1) and duff (63.0 & 9.9 Mg ha~!) was found at BFER. CGH
had the highest biomass for 1-h (1.3 & 0.3 Mg ha™ '), 10-h (4.3 + 0.9 Mg
ha™1), and 1000-h fuels (202.7 + 144.9 Mg ha™!). The highest biomass
for 100-h fuels occurred at BFST (8.7 + 1.9 Mg ha™1). At both CGH and
MTH we found the highest maximum values for 1000-h fuels, largely
influenced by the presence of several large logs in a few plots at both
sites (Fig. 3; Fig. B1-Appendix B).

3.2. Vegetation clustering

The k-means analysis resulted in four distinct vegetation clusters
based on the tree inventory data (Fig. 4; Fig. B3-Appendix B). Three
major dimensions (i.e., axes) explained close to 50 % of the variation in
the overstory composition and structure with basal area (live and dead),
tree density (live and dead), SDI, and QMD being the most relevant
variables. Two related compositional variables, proportion of PIPO and
SEGI, also appeared as major contributors for the overall distribution of
plots in this multivariate space. Contribution of the remaining axes was
relatively low reaching a combined total 80 % of the variance threshold
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with nine dimensions (Fig. B4-Appendix B). The first vegetation cluster
(i.e., cluster 1) was composed of 108 plots located in areas dominated by
three species CADE, PSME, and PIPO, and also characterized by the
highest density of live trees and the lowest basal area of dead trees
among the four clusters. The second vegetation cluster grouped 117
plots mostly dominated by ABCO, ABMA, PILA, and to a lesser extent by
PIPO, and was characterized by the second highest density of live trees.
The third vegetation cluster is perhaps the most distinct, with only 14
plots dominated by SEGI and the highest live basal area among all
clusters. Finally, the largest vegetation cluster grouped 223 plots and
was dominated by PIPO, CADE, and to a lesser extent by QUKE. This
group was characterized by the highest density of dead trees, the lowest
SDI and lowest live basal area among all clusters (Table 2; Fig. B5-Ap-
pendix B).

Overall, these clusters seem to fit well into two major axes: 1) one
mostly linked to live basal area where large SEGI trees (Cluster 3)
dominate, and 2) a mortality axis representing a gradient from PIPO
stands with high tree mortality and low tree density to PSME and CADE
stands with higher densities of live trees. Finally, we found significant
differences in fuel loads among all clusters (Fig. 5). The SEGI-dominated
group (cluster 3) was characterized by the highest values for all fuel
classes combined (mean = 547.6 Mg ha™1), for which 1000-h fuels
accounted for nearly 77 % of the total. On the other hand, the PIPO-
dominated group (cluster 4) had the lowest values for all fuel classes
(mean = 90.1 Mg ha ) (Fig. 5).

Plot Contribution
O o2
O o4

B W N

R T e

Fig. 4. Principal Component Analysis (PCA) output from the k-means clustering indicating four major vegetation groups based on overstory structure and
composition. Inset shows the direction and relative importance of all variables. Main characteristics of the clusters shown in Table 2. For a detailed description of the

variables used in this analysis see Table B2 and Figures B5-B6-Appendix B.
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Table 2
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Main environmental and structural characteristics of the four vegetation clusters identified. For elevation and AET, values are mean =+ standard deviation; for basal
area and density, values are mean + 95 % confidence intervals. Based on live tree basal area, clusters were aligned with vegetation alliances defined by the US Forest

Service Vegetation and Classification in California system (CalVeg) (USFS, 2009).

Cluster Elevation AET Live basal area Dead basal Density of live Density of Dominant tree species
(meters) (mm year™!) (m%ha™1) area trees dead trees (% of live basal area)
(m?ha') (treesha™') (treesha™!)
1 1503 + 224 468.6 + 91.5 80.8 + 8.1 17.4 £39 618.1 £55.1 134.4 + 23.5 Incense cedar (30.3 %), Douglas-fir (19.9 %) and Ponderosa pine
(18.4 %). Alliance: Mixed Conifer-Pine.
2 1900 + 280 386.7 + 64.7 55.1 £ 5.4 21.5+56 291.2+27.1 90.3 +17.4 White fir (46.1 %), Red fir (13.9 %), Sugar pine (20 %) and
Ponderosa pine (3 %). Alliance: Mixed Conifer — Fir.
3 1960 + 44.7 356.9 + 22.7 232.1+71.8 55.4 +46.4 231.4 +43.2 60 + 31.3 Giant sequoia (68.3 %), White fir (19.6 %) and Sugar pine (10.1
%). Alliance: Big Tree.
4 1488 + 264 438.4 + 80.4 16.7 £ 1.9 43.1 +£3.6  208.9 + 20.7 252.9 + 20.3  Ponderosa pine (66.6 %), Incense cedar (16.6 %), and California
black oak (7.7 %). Alliance: Ponderosa Pine.
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Fig. 5. Violin plots for three major fuel classes across four vegetation clusters in western Sierra Nevada forests: A) Duff layer; B) FWDs + Litter; C) CWDs (1000-h
fuels). For visualization Y-axis has been limited to 1,000 Mg ha~'. White box plots within violin plots show median (white bar), interquartile range (25 % quartile and
75 % quantile; white box), 95 % confidence intervals (white lines within colored areas). Red dots represent the mean for each cluster. Black dashed lines show the
overall mean value for each fuel class. Significant differences (P < 0.001) were found in all cases based on a Kruskall-Wallis non-parametric test with a posthoc to
define possible groups. Width of violin plots is based on the probability density (colored shaded areas) for the range of observations (y-axis). Diameter classes of
woody fuels are: < 0.64 cm diameter (1-h); > 0.64 < 2.54 cm (10-h); > 2.54 < 7.62 cm (100-h), > 7.62 cm (1000-h). Cluster (C)1: 108 plots; C2: 117 plots; C3: 14

plots; C4: 223 plots.

3.3. Potential predictors of fuel loads in Sierra Nevada forests

3.3.1. General correlations among variables and fuel loads

In general, relatively low (t < 0.3) correlations between fuel loads
and overstory metrics were common across all fuel classes (Fig. B7-
Appendix B). Total and live basal area, as well as density of live trees had
low but significant and positive correlations with dulff, litter, and FWD.
SDI, live basal area, and QMD all had positive and significant correla-
tions with 1000-h fuels. Among the biophysical parameters tested,
aspect also had weak but significant and positive correlations with fuel
loads. Surprisingly, time since the last disturbance event or the number
of these events were found to have very weak relationships with all
overstory variables and fuel classes. The highest correlation t values
were ~ 0.1 on average and were only significant for density of live trees
among the overstory variables, and for duff and litter among fuel classes
(Fig. B7 Appendix B).

3.3.2. Variable importance

Results of the assessment of variable importance using a random
forest algorithm identified potential predictors of surface fuel loads that
varied in their composition and explanatory power for each fuel class.
For duff, total basal area and other structural-based variables, such as
SDI or the density of live and dead trees, were ranked as most important,

while most, if not all, the biophysical-related variables had a lower
ranking (15-18 % in variable importance; Fig. 6A). For FWD + litter,
AET (29.6 %), in combination with total and live basal area (23.9 %),
time since last disturbance (20.5 %) and elevation (20.3 %) were the top-
five most important variables for this fuel class (Fig. 6B). In general, the
potential predictors for 1000-h fuels explained little of the measured
variation (6.1 %). Aspect, density of live trees, slope, total basal area,
and dead tree basal area were the top-five ranked variables for 1000-h
fuels (Fig. 6C).

3.3.3. Mixed effects modelling

To further evaluate potential predictors of fuels, we tested two
different models for each of the three fuel classes for a total of six
models, and identified the best model as the one with lowest AICc score.
For comparison, we included the best fit model (i.e., highest Rzm). Note:
since only continuous variables were ranked high in terms of variable
importance, we centered and standardized these variables to be able to
directly compare their effect size in the model. For duff, the model with
the lowest AICc included SDI and the density of dead trees with SDI
having a larger positive effect on duff mass than dead tree density.
However, its low R?m (0.21) indicates that it explained a relatively small
amount of the variation present, especially in comparison to the best fit
model that included the same variables plus total basal area (Fig. 7;



E. Vilanova et al.

Forest Ecology and Management 537 (2023) 120945

A B c
Duff FWDs + Litter 1000-h

Total_BA AET Aspect |

Live_BA Total_BA Live_Tree_Den

sy — Time_Dist Siopeq{

Elevation] ———— Elevation | Live_BA{

Dead_Trea_Den Live_Trea_Den Dead_BA4

Slopp] —8 = Slope Total_Tree_Denq
@
E

3 Dead BA] ——————= Dead_BA{ ——— 5017
=
-]

£ Live_Tree_Den Tetal_Tree_Den Dead_Tree_Den{
g

Aspect| ————————————— amD aMD

AET] —————————— Aspect Total_BA{

hum_Digt{] —————————— Live_BA Tirne_Dist{

aMpy —m—mmm s Elevation {

Time_Dist Mean of squared resiiats = 0.72 Dead_Tres_Den Mean of squared ressdasls = 0.68 AETH Mean of squared residuals = 0,94
% Var explained = 27.78 - -
Total_Tres_Den Nurn_Dist % Var explained = 32.31 Num_Dist] —— % Ve waplained = 6,05
o 30 o 30 0

10 20
Variable importance (%)

10 20
Variable importance (%)

5 10
Variable importance (%)

Fig. 6. Analysis of variable importance (VIMP) for three fuel classes in 462 forest plots in the Sierra Nevada, California. A) VIMP for duff (Variance explained = 27.8
%); B) VIMP for FWDs + Litter (Variance explained = 32.3 %); C) VIMP for 1000-h fuels (CWDs) (Variance explained = 6.1 %).
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Fig. 7. Standardized estimates (effect size) for selected models of duff (blue symbols) and FWD + Litter (red symbols). Duff Model: Duff ~ SDI + Dead_Tree_Den +
(1|Plot:Location); FWDs + Litter Model: FWDs _Litter ~ Total BA + AET + Live_Tree Den + (1|Plot:Location). Model for CWDs not shown. Each variable shows the
standardized coefficients with 95 % confidence intervals. Significant values are indicated with open (*P < 0.05) and closed circles (***P < 0.001). Details of each

model are shown in Tables B4-B6 in Appendix B.

Table B4-Appendix B).

For FWD + Litter, we found that both models were similar and with a
high R?m (>0.81). The most parsimonious model included AET, total
basal area (live and dead), and density of live trees (Fig. 7, Table B5-
Appendix B). All variables had a positive effect on FWD + Litter mass
with AET being the most influential. For CWD, both models had an
overall low performance with the combination of live basal area and the
density of live trees explaining only ~ 11 % of the variance for this fuel

class (R*m = 0.11) (Table B5-Appendix B).
4. Discussion

High levels of surface fuel biomass were found at most sites across
our extensive network of field plots in Sierra Nevada mixed-conifer
forests (Fig. 2; Table B1-Appendix B). Compared to other estimates of
fuel loads before and after fuel reduction treatments or wildfires, our
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values tend to be closer to pre-disturbance levels (e.g., Collins et al.,
2016; Stephens et al., 2012; Vaillant et al., 2009) reflecting that most
plots in our study were lacking recent disturbance altering ground and
surface fuel biomass. Indeed, nearly half of the plots showed no record of
disturbance between 1950 and 2018 (Table 1, Table B3, Fig. B8-Ap-
pendix B). Importantly, the average total fuel load across our plot
network (138.2 Mg ha—1) may be up to five times higher than during the
pre-fire exclusion era (circa 1800) for mixed-conifer forests in California
(i.e., mean = 26.9 Mg ha’l, Stephens et al., 2007). Other relevant works
report average total duff + surface fuel loads of 91-212 Mg ha! in
unburned areas and 3-60 Mg ha™! one year after fire (Cansler et al.,
2019; Knapp et al., 2005).

Measurements for individual fuel classes were also comparable to
those reported elsewhere. For instance, the average biomass of duff
(39.9 Mg ha1) and litter (31.2 Mg ha 1) in our study is in the range of
values observed in other relevant studies (30-72 Mg ha~" for duff and
12-34 Mg ha? for litter; Knapp et al., 2005; Lydersen et al., 2019, 2015;
Van de Water and North, 2011). Similarly, fine fuels (1-, 10- and 100-h
fuels) averaged 8.53 Mg ha~!, which approximates estimates of mean
fine fuels in the Lake Tahoe Basin, California (range = 4.4-12.9 Mg
ha~%; Taylor et al., 2014), but the maximum value observed in our study
was much higher (62.8 Mg ha™!). Estimates of CWD (1000-h fuels)
averaged 63.3 Mg ha™!, a value generally higher than those from pre-
vious studies (e.g., Low et al., 2021; Lydersen et al., 2015; Lydersen and
North, 2012). The higher values in this study may be due to the greater
variety of forest conditions included, particularly those sites with
greater abundance of ABMA and SEGI that tended to have the largest
CWD loads (i.e., CGH and MTH; Fig. 3). A large range and long right-
tailed distribution, as observed in our study, is typical of 1000-h fuels.
For example, Lydersen et al. (2019) found a range of 0-1,101 Mg ha™!
among plots in the Kings River Experimental Watershed in the southern
Sierra Nevada prior to prescribed fire. We found a range of 0-3,628 Mg
ha~! among plots. CWD among sites tends to vary with the presence of
large trees, with lower loads existing in areas with a history of timber
harvest (Cansler et al., 2019).

With the exception of duff and litter (for which our estimates were
lower), both of our sites in Yosemite National Park (YOMI and YOPI)
showed very similar values to the pre-2013 Rim Fire fuels estimates
reported by Cansler et al. (2019) in the Yosemite Forest Dynamics Plot
(YFDP). One possibility for the observed differences in duff and litter
between our studies is the higher abundance of very large trees (dbh >
60 cm) at YFDP. A consistent result from our analyses was the positive
correlation between total basal area and duff biomass. Given the
contribution of large trees to total basal area (i.e., increases as the square
of tree diameter), the results from the YFDP match these expectations.
The accumulation of duff and litter around the base of large conifers is
an important source of fuel heterogeneity in western forests (Lutz et al.,
2020; Ryan and Frandsen, 1991). Furthermore, higher duff loads can
occur in long-unburned forests and when subjected to fire can burn as a
smoldering fuel, exposing underlying mineral soil, roots, and nearby
stems to long-duration heating (Banwell and Varner, 2014; Frandsen,
1987). When fires burn in these fire-excluded stands, smoldering around
these deep basal accumulations can result in substantial mortality of
codominant and dominant trees (Stephens and Finney, 2002).

In aggregate, the overstory characteristics of Sierran forests
explained 80 % of the observed variation in fuel loads. Moreover, this
variation was parsed into four vegetation clusters (Fig. 4) from which
significant differences in fuel loads were detected (Fig. 5). However, it
was the ‘extremes’ in fuel loads that drove the primary gradient in the
clustering analysis. On the high end, SEGI-dominated stands (cluster 3)
which attained up to 124.4 m?ha ! of basal area (Table 1) supported the
largest fuel loads (Fig. 5, median = 147 Mg ha™!). On the low end, PIPO-
dominated stands where there were more standing snags than live trees
(cluster 4) contained the lowest fuel loads (Fig. 5, median = 78 Mg
ha™1). For the clusters with intermediate estimates of fuels (i.e., clusters
1 and 2), our analyses did not reveal significant differences in fuel loads
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(Fig. 5). These two groups also had the highest tree density, with
particularly high density in the lower elevation CADE/PSME/PIPO
group (cluster 1) compared to the higher elevation ABCO/ABMA/PILA
group (cluster 2) (Table 2).

These four clusters broadly align with the vegetation alliances used
by the USDA Forest Service in California (USFS, 2009) (Table 2). Thus,
insights from this analysis can inform management more generally
across the region. For example, there are few comparable studies for the
Big Tree alliance (SEGI-dominated cluster 3). One exception is Weise
etal. (1997) who combined photo series and field transects and reported
7-170 Mg ha! in total fuel loads for several SEGI groves. We generally
found higher fuel loads in our SEGI dominated plots with the 1000-h fuel
class as the largest contributor (Fig. 5). For example, at Mountain Home
Demonstration State Forest (MTH), fuel loads ranged from 30.3 to
3,800.3 Mg ha~! with an average of 288.1 Mg ha~!. This difference
could reflect site differences or possibly additional accumulation of fuels
over the 20 + years between our study and Weise et al. (1997). A better
understanding of fuel loads in SEGI-dominated forests is a high priority
given the recent fire impacts to some SEGI groves (Shive et al., 2022;
Fig. 1D). In addition, the similarity in fuel loads (Fig. 5) between the
Mixed Conifer-Pine (cluster 1) and Mixed Conifer-Fir (cluster 2) suggests
that, to some extent, management strategies for addressing ground and
surface fuel loads in these alliances could be similar, at least in areas that
generally lack recent disturbance.

While fuel loading was lowest (Fig. 5) in the Ponderosa Pine alliance
(cluster 4), much of the tree mortality that occurred during the recent
mortality event was concentrated in this group and attributed to colo-
nization of PIPO by western pine beetle (Dendroctonus brevicomis
LeConte) in 2015 and 2016 (Fettig et al., 2019). Under these conditions,
we thus should expect significant increases in surface fuels in the near
future. On one hand, FWD and litter can be significantly driven by
canopy cover in PIPO-dominated stands (Hall et al., 2006), so with a
decline in forest health with decaying and dead trees, an important
influx of these small fuels might be expected. On the other hand, these
snags were mostly still standing at the time of our evaluations and thus
had not yet contributed much to the 1000-h fuel class. However, with
the relatively faster rate of snag fall reported for PIPO, with a median of
6 years (Raphael and Morrison, 1987), in comparison to other species
such as CADE with median fall rates up to 11 years (Grayson et al.,
2019), particularly 1000-h fuels are expected to increase in the next
several years as these snags fall to the forest floor. This projected in-
crease in 1000-h fuels, coupled with the already high surface fuel loads,
needs to be considered in any risk analysis, especially with recent evi-
dence of large and severe fires driving important changes in Sierra
Nevada mixed-conifer forests (Cova et al., 2023; Steel et al., 2022).

Our ability to model duff and surface fuel loads from overstory
metrics, biophysical variables, and disturbance history varied greatly by
specific fuel class (Figs. 6-7). For the fine fuels (litter + FWD), three
commonly available variables (AET, total basal area, and live tree
density) explained 81 % of the variation (Table B4). In contrast, we had
no skill in predicting 1000-h fuel loads (Table B5) and only weak ability
to estimate duff loads (Table B3). The amount of variation explained by
our fine litter model stands out in comparison to other attempts to model
surface loads in comparable Sierran forests (Cansler et al., 2019; Collins
et al., 2016; Lydersen et al., 2015). The model with the best fit from
these three studies had a R* = 0.31 (Collins et al., 2016). However, in
terms of duff and 1000-h fuel classes, our results (weak to none) were no
better at identifying the variables that shape fuel dynamics in these
forests.

Wildland fuelbeds consist of diverse particles of many sizes, types,
and shapes with abundances and properties that are highly variable
(Keane, 2013). Thus, linear sampling methods (i.e., transects) may not
efficiently capture the spatial variability that characterize surface fuels
(Keane and Gray, 2013), particularly for 1000-h fuels. In addition, the
distribution of wildland fuels tends to be clumped at multiple spatial
scales and the loads tend to be heavily right tailed (e.g., Fig. 5; Fig. B1;
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Prichard et al., 2019). In fact, while the effects of the overall lack of
disturbance events might partly explain our high estimates of surface
fuels, associated variables (i.e., time since last disturbance and number
of disturbance events) were not selected as predictors in any of our final
models. Thus, accurately estimating fuels loads, particularly for heavy
fuels, is challenging emphasizing the need for a better understanding of
the spatial dimensionality when characterizing fuels (Prichard et al.,
2022). More data, whether obtained by increasing the field sampling
intensity (i.e., longer fuel transects and large sample sizes), and/or
deploying new technologies (e.g., remotely sensing) are needed to
capture the full range of variation of fuels on these landscapes.

Perhaps not surprisingly, the clearest relationships in most of our
sites is that heavily stocked forests with more trees (i.e., higher basal
area) and with less disturbance tend to have higher surface fuel loads
(Fig. 7; Fig. B7-Appendix B). While we expected dead trees to be a good
predictor of surface fuel loads, in fact the live overstory tree component
was a better predictor. In addition, AET, a proxy for forest productivity
(Parks et al., 2014), proved to be an important predictor of litter and
FWD (Fig. 7). The apparent decline in fuel load with increasing tree
mortality, at least at the time of our evaluations, may reflect that plots
with higher levels of tree mortality (PIPO dominated) tend to be at lower
elevations and lower latitudes, where forests tend to be less productive
and accumulate surface fuels more slowly (Young et al., 2020). How-
ever, as highlighted earlier, with increased rates of snag fall expected in
the near-term, changes in the nature and magnitude of fuel accumula-
tions across our study sites, particularly in stands dominated by pine
species, should be anticipated. Compared to fine fuels, CWD dry out over
longer time scales, which has historically made them less available to
burn over the course of the fire season (Goodwin et al., 2021). Yet, with
projected increasing temperatures and severe droughts (Dettinger et al.,
2018), this apparent control on fuel flammability might be altered as the
moisture of these larger fuels decreases while fuel aridity increase. This
pulse of heavy fuels could also serve to create even more homogeneous
surface fuel conditions across large areas and exacerbate conditions that
lead to large, stand-replacing fires (Stephens et al., 2018).

5. Conclusions

Many studies have previously addressed the topic of fuels in Sierra
Nevada forests, particularly to compare the effects of different fuel
treatments on the amount and distribution of fuels, or how fuels influ-
ence fire behavior. However, a novel aspect of our study is that it
captured the short-term, post-drought and pre-snag fall status of surface
fuels across much of the region following a widespread tree mortality
event. As noted by Hartmann et al. (2022), such unexpected events
represent one of the risks climate change poses to global forest health.
Thus, it is essential to gain a better understanding of both drivers of
elevated tree mortality and its consequences on forest ecosystems. Our
work contributes to this understanding by documenting baseline con-
ditions essential to the stewardship of forests that could see emerging
tree mortality effects.

This study was also motivated, in part, by the fact that accurate
characterization of fuel loads, especially before fire occurs, is crucial to
the reintroduction of fire to these fire-suppressed forests, and for the
prioritization of fuels treatments across the landscape. A high proportion
of the stands evaluated in our study could be extremely vulnerable to
high-severity wildfires given the combination of high fuel loads and
increasing frequency of weather conditions that promote fire growth
such as high temperatures and severe droughts. Finally, taking advan-
tage of the permanent status of many of the plots used in our study, we
recommend continuous monitoring of fuels aiming at increasing our
overall understanding of fuel dynamics and improve the quality of
models used to analyze fire behavior, treatment optimization, and car-
bon emissions from wildfires across western Sierra Nevada forests.
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6. Data and code availability

Plot-level data of surface fuels, overstory and biophysical variables,
as well as the R code used during data analysis is available at https://
zenodo.org/record/7770365.
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