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Abstract
Seeking to understand controllable stand structure drivers of high burn severity, contingent on weather, 35 candidate predic-

tors were derived from Forest Inventory and Analysis observations and ancillary data on managerially uncontrollable factors——
fire history, climate, weather, and topography——within California’s massive 2021 Dixie fire. Logistic regression models were
fitted to evaluate the effects of these predictors, with remotely sensed burn severity as the response. Using multiple model
selection strategies to choose from among parsimonious predictor subsets that we structured to control for collinearity, high
burn severity was consistently predicted (area under the receiver operating curve = 0.72–0.73) from just six variables: three
stand characteristics——basal area of standing dead trees, basal area of mid-size or all live trees, and ladder fuel abundance——and
three uncontrollable predictors——30-year mean maximum annual temperature and maximum wind gust speed and precipi-
tation for the hour at which fire arrived at the stand. To demonstrate how these models might inform landscape treatment
priority, we applied the models to publicly available, imputed rasters of the stand characteristics and to the uncontrollable
factors listed above, evaluating map accuracy against Relative differenced Normalized Burn Ratio derived severity. Disappoint-
ing accuracy of the resultant maps might be improved as forest attribute imputation products begin to incorporate fine scale
(e.g., Light Detection and Ranging) information capable of representing ladder fuels and as pixel scale models of weather at
time of fire arrival become available.

Key words: Dixie fire, FIA plots, RdNBR-derived burn severity, imputation rasters, wind gust speed, ladder fuel

Introduction
Among the many relevant ecological and social drivers in-

fluencing forests globally, large wildfires containing large
patches of high burn severity play an increasingly im-
portant role as their frequency increases (McLauchlan et
al. 2020; Tyukavina et al. 2022). California’s massive 2021
Dixie fire, the subject of the analysis reported here, pro-
vides one example of how such fires can transform vast
forest areas over days to weeks with profound effects on
habitat, biodiversity, and human lives. The increased fre-
quency of high burn severity being delivered by climate
change and other factors (Williams et al. 2019; Turco et
al. 2023) has made developing comprehensive strategies
to mitigate high-severity, stand-replacing fire a top prior-
ity [e.g., Wildfire Crisis Strategy by United States Depart-
ment of Agriculture (USDA Forest Service 2023)]. A success-
ful strategy requires a better understanding of the precur-
sors to stand-replacing fire——especially where forests may
be amenable to silvicultural treatments that can reduce

the likelihood of high burn severity outcomes (Halpern and
Antos 2022).

Managers have come to rely on routinely produced,
spatially comprehensive representations of burn severity
when planning post-fire response, thanks to the widespread
availability of multi-spectral remotely sensed imagery
with steadily improving spatial and temporal resolution
(Robichaud et al. 2009; Miller et al. 2015; Background, Prod-
ucts & Applications | BAER 2025). They would also benefit
from proactively generated maps of forest landscapes that
identify where combinations of vegetation structure, cli-
mate, and topography that lead to high burn severity can
be changed via fuels management to instead produce low
burn severity outcomes——at least under the more moderate
weather conditions that prevail for most days of most fires.
Following Eidenshink et al. (2007), we define “burn severity”
as the site-level, relative, fire-induced change with respect
to live and dead vegetation and forest floor and evidence of
such fire byproducts as ash and charcoal. As a relative met-
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ric, burn severity is inextricably linked to pre-fire condition.
Burn severity indices constructed from remotely sensed data
include (1) differenced Normalized Differenced Vegetation
Index (dNDVI) (Hudak et al. 2007), which targets fire-induced
change in the vigor of photosynthesizing vegetation; (2)
Normalized Burn Ratio (NBR), calculated as the normalized
difference of near- and shortwave-infrared reflectance (Key
and Benson 1999); and (3) differenced Normalized Burn Ratio
(dNBR), the difference in NBR between pre- and post-fire
(Key and Benson 2006). Miller and Thode (2007) proposed
a relativized version of dNBR, the Relativized differenced
Normalized Burn Ratio (RdNBR) that makes burn severity
measurements more commensurate across heterogenous
vegetation types and levels of pre-fire biomass.

Given that distinguishing between stand-replacing fire and
the absence thereof is essential for assessing the fire vulner-
ability or resilience of a forested landscape, it is important
to select a burn severity metric closely related to change in
live biomass. Studies evaluating these indices against field or
drone-based measurements of canopy cover change and basal
area mortality present a mixed picture but generally indicate
that dNBR and RdNBR tend to outperform dNDVI (Escuin et
al. 2008; Furniss et al. 2020). Without definitive evidence for
the superiority of either dNBR or RdNBR at detecting stand-
replacing fire, we selected the relativized index to account for
variations across the heterogenous forest types found in the
area burned by the Dixie fire (Miller and Thode 2007).

Burn severity is closely tied to fire behavior, which, in turn,
depends on weather, topography, and fuels, arguably in that
hierarchical/contingent order. Other than investing greater
effort in reducing ignition probability during times of ex-
treme weather, management can only hope to modify the
last of these, fuels, via vegetation management. A capacity to
generate spatially explicit predictions of burn severity from
forest structure, contingent also on the other drivers, can
potentially guide investment in fuels modification. Relating
burn severity to forest structure, however, requires field mea-
surements that coincide with burn severity assessments. The
USDA Forest Service Forest Inventory and Analysis (FIA) pro-
gram collects, compiles, analyzes, and publishes richly at-
tributed and systematically quality-assured ground data on
live forest vegetation and standing and down dead wood us-
ing consistent monitoring protocols from hundreds of thou-
sands of forest inventory plots on a systematic grid sample
(Bechtold and Patterson 2005; Gray et al. 2012). These data
have proved fruitful fodder for numerous studies, including
some that addressed forest fuels and fire hazard (Tinkham et
al. 2018). Many fires encounter FIA plots every year (Eskelson
et al. 2016), generating fire effects that can be related to
the abundant data associated with each plot. Relevant FIA-
derived data products include observations recorded during
visits to these plots before fire arrived (Azuma 2004; Shaw
et al. 2017), modeled predictions from that pre-fire data (e.g.,
Barker et al. 2019), delayed mortality (Barker et al. 2022), post-
fire fuel dynamics (Eskelson and Monleon 2018), changes in
carbon mass (Woo et al. 2021), and representations of burn
severity based on remote sensing (Pelletier et al. 2021; Busby
et al. 2023). A unique feature of fire effects analysis con-
ducted using FIA plot data is that vegetation types and fire

severities are represented in FIA data in proportion to their
landscape occurrence, comprising an unbiased sample of all
forests within fire footprints. Apropos to this study, which
characterizes burn severity via remote sensing classification,
data collected from pre-fire visits to these plots can also pro-
vide an accurate and highly detailed representation of the for-
est that a fire encountered. This offers rich opportunities for
retrospective analysis of “natural experiments” when evalu-
ated in light of fire outcomes at those locations, opening the
possibility of predicting burn severity from forest attributes
analogous to those contained in the FIA data.

As heat and aridity have increased with climate change,
several California wildfires over the past few years were dom-
inated by high-intensity fire behavior and set records as the
largest fires in the recorded history of the US (Varga et al.
2022; https://www.fire.ca.gov). The Dixie fire ignited when a
tree contacted an electrical distribution line on 13 July 2021.
It burned 963 309 acres (3898 km2) despite 104 days of inten-
sive and expensive suppression effort (https://www.fire.ca.gov
/incidents/2021/7/13/dixie-f ire/) owing to vegetation fuels that
had experienced an extended period of heat and drought.
This extremely large fire offers a rare opportunity to analyze
fire effects across a very broad range of pre-fire forest condi-
tions and fire weather. An understanding of how stand struc-
ture relates to burn severity could prove invaluable to forest
managers prospecting for stands that can benefit from man-
agement that enhances fire-resistance.

Before the advent of suppression, fire return intervals
of 8–22 years were typical in the region where the Dixie
fire burned (Moody et al. 2006). A century of fire suppres-
sion has elevated stand density and surface fuel accumula-
tions, contributing to an increased incidence of large wild-
fires (Beaty and Taylor 2008; Lydersen et al. 2014). Some no-
table examples within what would become the Dixie fire
footprint include the 2000 Storrie Fire, the 2007 Moonlight
Fire, the 2008 Butte Lightning Complex, the 2008 Rich Fire,
the 2010 Bar Fire, the 2012 Chips Fire, and the 2012 Read-
ing Fire (https://gis.data.ca.gov/datasets/CALFIRE-Forestry::ca
lifornia-f ire-perimeters-all-1/explore).

A preliminary Rapid Assessment of Vegetation Condition
after Wildfire (RAVG) report and our personal observations
during field visits on 22 September and 5 October 2021, indi-
cate considerable variation in burn severity within the Dixie
fire. One published analysis of this fire explored the effects of
past fires on reburn severity (Taylor et al. 2022). Other drivers,
including forest structure, surface fuel loading, land manage-
ment objectives and associated silviculture practices, topog-
raphy, long-term climate, and local weather on fire arrival
may be at least as important. Local weather is so important
that it must be accounted for, in some fashion, for the signal
of other drivers to be discernable (Bessie and Johnson 1995).

Recent years have seen efforts to restore forests via me-
chanical fuel treatments (typically thinning) and prescribed
fire. This strategy centers on rearranging and/or reducing
woody fuels to offset the threats resulting from increasing
wildfire incidence, drought, and a warming climate (Keeley
et al. 2021). For nearly two decades, there have been calls
to increase the pace and scale of forest treatments to pro-
mote resilience, particularly in the xeric forests of the west-
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ern US that have experienced increasingly frequent and se-
vere drought and large wildfires (e.g., North et al. 2021).
A large, nationally coordinated, strategic response was un-
veiled in 2022 as the Wildfire Crisis Strategy (US Forest Ser-
vice 2022a, 2022b; USDA Forest Service 2023). Given that it is
not feasible to immediately apply fire resistance treatments
in all forests, identifying forests most likely to burn as stand-
replacing, ceteris paribus with respect to weather, etc., would
be a substantial contribution that could help managers pri-
oritize treatments for maximum benefit. Such predictions
could also aid policy makers designing programs to encour-
age actions that enhance fire resistance.

Developing information and tools useful to forest man-
agers needing to mitigate against high severity fire outcomes
requires understanding the relationship between high burn
severity and potential factors that might lead to that out-
come. With a few dozen potential predictors derived from
pre-fire forest structure observations on 187 FIA plots, model-
derived weather and climate attributes, and static topo-
graphic site characteristics, we fit multi-variable logistic re-
gression models to predict a binary burn severity classifi-
cation (high severity, stand-replacing vs. not) derived from
remotely sensed RdNBR data to learn which predictors are
influential. Models were ranked by corrected Akaike infor-
mation criterion (AICc), and a multi-model average was cal-
culated following the methods in Anderson and Burnham
(2004). The model selection process yielded insights into
the relative importance of the candidate predictors that in-
formed three parsimonious models predicting high-severity
status at the FIA plot locations. Integrating these with a pub-
licly available, spatially comprehensive imputation of FIA
observations, we developed and evaluated an easily applied
workflow to predict the probability of high burn severity over
a forest landscape, contingent on imputed stand conditions
and fire weather.

Methods

Study area
The Dixie fire burned through large swaths of the Sierra

Nevada’s Plumas National Forest, Lassen National Forest (sit-
uated on a transition zone between the Sierra Nevada and
the Cascade Range), and much of Lassen Volcanic National
Park (Fig. 1). It also extended north into the juniper-sagebrush
steppes of the Modoc Plateau. Elevation ranges from 152 m
in Feather River Canyon to 3187 m at the summit of Mount
Lassen (US Geological Survey, MTBS 2017).

The Mediterranean climate here features cold, wet winters,
and warm, dry summers. Owing to past management and dis-
turbance, forest stands are heterogeneous within each forest
type, including even- and uneven-aged true fir (white fir (Abies
concolor) and red fir (Abies magnifica)) and/or lodgepole pine (Pi-
nus contorta) at high elevation. Mixed conifer, coast Douglas-
fir (Pseudotsuga menziesii var. menziesii), ponderosa pine (Pinus
ponderosa), Jeffrey pine (Pinus jeffreyi), sugar pine (Pinus lamber-
tiana), incense cedar (Calocedrus decurrens), white fir, and Cali-
fornia black oak (Quercus kelloggii) types dominate the middle
elevations, with a significant complement of stands planted

to pure ponderosa pine. Foothill pine (Pinus sabiniana) and
blue oak (Quercus douglasii) woodlands are most common at
lower elevations. Hardwoods, such as aspen (Populus tremu-
loides) and willow (Salix spp.), are common in riparian zones
and, at high elevations, abut meadows and lakes (Eyre 1980;
Barbour and Major 1988).

Data sources and variables

Burn severity

We calculated the Relative differenced Normalized Burn
Ratio (RdNBR) for all pixels within the final, mapped fire
perimeter using Sentinel-2 imagery to represent burn sever-
ity. Sentinel-2’s relatively fine-grained spatial and temporal
resolutions (20 m pixels in the bands needed to calculate
RdNBR and a 5-day return window; European Space Agency
(ESA) 2015) offer substantial improvement over the Landsat
Thematic Mapper (TM) and Enhanced Thematic Mapper Plus
(ETM +) platforms’ (30 m pixels and 16-day return window;
Parks et al. 2014) typically used to obtain RdNBR.

RdNBR captures relative burn severity, making it ideal for
comparing fire effects across a large and heterogenous land-
scape (Miller and Thode 2007; Figs. 2 and 3). Miller et al.
(2009) reported that RdNBR-based models trained on mul-
tiple fires performed acceptably when predicting Compos-
ite Burn Index (CBI) of fires outside the training dataset.
Widely deployed classified burn severity products [e.g., BAER
(Background, Products and Applications | BAER 2025), RAVG
(Background, Products & Applications | RAVG 2016), and
Monitoring Trends in Burn Severity (MTBS, Eidenshink et
al. 2007)] also rely on RdNBR, albeit derived from the less
spatially resolved Landsat data, making findings from this
study directly applicable for those relying on such prod-
ucts.

We composited the least cloudy Sentinel-2 pixels for the 2
weeks before the start of the Dixie fire (1–14 July 2021) and
the same dates 1 year later (1–14 July 2022) in Google Earth
Engine (Gorelick et al. 2017). For each composite, we calcu-
lated NBR as the normalized difference of the near infrared
(Band 8) and the shortwave infrared band (Band 12):

NBR = (Band 8 − Band 12) / (Band 8 + Band 12)

Following Miller and Thode (2007), we calculated RdNBR:

RdNBR =
(PreFireNBR − PostFireNBR)√

| PreFireNBR
1000 |

A weighted average of the Sentinel-2 pixels overlapping each
FIA macroplot was constructed with weights derived from
the proportion of the macroplot area covered by each pixel
(Pelletier et al. 2021). The four macroplot values per plot
thus obtained were averaged to derive a mean RdNBR value
for each plot. Negative RdNBR values indicate an increase
in vegetation cover (Miller et al. 2009). Because we used
RdNBR solely as a proxy for fire effects, plots with a nega-
tive mean RdNBR were reclassified to zero (i.e., unaffected
by fire). Following the RdNBR threshold for severe fire pro-

C
an

. J
. F

or
. R

es
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

U
SD

A
 N

at
io

na
l A

gr
ic

ul
tu

ra
l L

ib
ra

ry
, A

gr
ic

ul
tu

ra
l R

es
ea

rc
h 

Se
rv

ic
e 

on
 1

1/
17

/2
5

 F
or

 p
er

so
na

l u
se

 o
nl

y.
 

http://dx.doi.org/10.1139/cjfr-2024-0305


Canadian Science Publishing

4 Can. J. For. Res. 55: 1–20 (2025) | dx.doi.org/10.1139/cjfr-2024-0305

Fig. 1. The analysis area is defined as the intersection of the 3898 km2 Dixie fire perimeter (shown in red) and fed-
eral lands, comprised of the Lassen & Plumas National Forests and Lassen Volcanic National Park (green outline). The
figure was created using QGIS version 3.44.1 and assembled from the following data sources: Dixie fire boundary (CAL-
FIRE https://gis.data.ca.gov/datasets/CALFIRE-Forestry::california-f ire-perimeters-all-1/explore), Lassen and Plumas National
Forest boundaries (USDA Forest Service https://data.fs.usda.gov/geodata/edw/datasets.php?dsetCategory=boundaries). Base map
from Bing Aerial Imagery, courtesy of Microsoft, and inset base map from OpenStreetMap, courtesy of the OpenStreetMap
foundation.

posed by Miller et al. (2009), we assigned a binary severity
variable to each plot, coding plots with mean RdNBR > 574
as 1 (labeled “severe” and representing high burn severity,
stand-replacing) and all others as 0 (labeled “not severe” and
representing low-to-moderate severity).

Forest Inventory and Analysis plots

We derived all observations of pre-fire forest conditions
from permanent inventory and monitoring plots in the na-
tionally consistent, continuous FIA system, for which proto-
cols are defined and documented in both database documen-
tation [Forest Inventory and Analysis Database (FIADB) Users
Guide; Burrill et al. 2021] and regional field guides (USDA For-
est Service PNW Research Station FIA 2022c). These data in-
cluded plots collected on both FIA’s standard intensity (3.11
mi. (5 km)) sample grid and from spatially intensified grids
installed by the Forest Service Region 5 using the same pro-
tocol and data compilation system. The plot “footprint” is

a mapped design consisting of a sampled area formed by a
quartet of 24 ft (7.3 m) radius subplots for sampling trees
larger than 5 in. (12.7 cm) diameter at breast height (DBH,
measured at 4.5 ft (1.37 m) above the ground). Co-located with
each subplot is a 6.8 ft (2.1 m) radius microplot to sample
small trees and a 58.9 ft (18 m) radius macroplot on which the
largest trees (>24 in. (61.0 cm) in diameter) are sampled. The
quartet is arranged as three satellite subplots arrayed sym-
metrically around a central subplot at 120 ft (36.6 m) distance
and 120-degree intervals. This sampled area is partitioned
into separate “conditions” when delineation-qualifying dif-
ferences (e.g., in owner group, forested status, reserve status,
forest type, stand size class, tree density class) exist and min-
imum condition size and shape criteria are satisfied. Site at-
tributes such as slope, site quality, stand age, forest type, and
landowner group are defined and collected at the condition
level. All trees on each forested condition are assessed for sta-
tus (live or dead), measured for diameter, and assessed for
crown ratio, defect and disease, with a subsample assessed
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Fig. 2. Fire severity varied within the Dixie fire final perimeter, as shown here for facets of the forest landscape in the vicinity
of Mt. Lassen (indicated as a reference point by the orange arrow): (A) From the south and relatively close-by, (B) from the
north and relatively close-by, with multiple legacy fire scars identifiable, (C) from the south and far-away with burned young
plantation in the foreground, and (D) from the south at great distance with clear depiction of variation in burn severity. Photo
credit: Jianwei Zhang.

for height to provide a basis for imputing heights of those
not assessed.

We analyzed data from the most recent pre-fire visit to each
of the 275 plots sited within the final Dixie fire footprint on
public land (i.e., excluding private land), ensuring an accu-
rate pre-fire representation of forest attributes by filtering
out plots:

� Sixty one plots were eliminated for falling within CalFire
historical fire perimeters (https://gis.data.ca.gov/datasets
/CALFIRE-Forestry::california-f ire-perimeters-all-1/explore)
with years between the plot visit (PLOT.MEASYR) and 2021,
leaving 214 plots.

� Three plots were eliminated because nonforest conditions
comprised >50% of the plot area, leaving 211 plots.

� Twenty four plots were eliminated because, while classified
as forest land, no live trees were recorded at the most recent
pre-fire visit, leaving 187 plots.

This subset yielded 187 forested FIA plots, inventoried be-
tween 2003 and 2019, with a median inventory year of 2016,
containing 6941 measured trees (after data cleaning) of 18
species. Seventy one percent of the selected plots were inven-
toried ≤5 years before the Dixie fire in 2021, providing a rel-
atively recent sample of pre-fire conditions. Burn severity on

109 plots (58%) was classed as “Severe”, and on 78 plots (42%)
was classed as “Not Severe” (Fig. 3).

Variable overview

Thirty-five predictor variables were developed from the in-
ventory data and other sources to represent stand structure,
fire history, climate, weather, and topography (Table 1). To
represent pre-fire stand structure, we calculated 15 variables
from the FIA database. Due to high collinearity among them,
each stand structure variable was assigned to one of three
sub-groups: lateral canopy fuel continuity (referred to as “hor-
izontal” stand structure measurements), ladder fuels (“ver-
tical” stand structure), or “unrestricted” (neither horizontal
nor vertical). Horizontal stand structure included basal area
per acre (BAPA) (overall and stratified by diameter), trees per
acre (TPA) (overall and stratified by diameter), and canopy
bulk density. Vertical stand structure included number of
canopy strata, canopy base height, and proportion of canopy
cover in trees for which crown base is less than either 7 ft (2.1
m) or 20 ft (6.1 m). The unrestricted variables included per-
centage of basal area in fire-resistant species, percentage of
basal area in hardwoods, and BAPA of standing dead trees. We
also collected fire history data for each plot (years since the
most recent fire and severity of that fire), but did not include
this in the final candidate variable list due to the preponder-
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Fig. 3. Map of Sentinel-2 derived Relative differenced Nor-
malized Burn Ratio (RdNBR) at 20 m cell resolution for the
Dixie footprint, classified into severe and not-severe using the
RdNBR > 574 cutoff proposed in Miller et al. (2009). The loca-
tion of Mt. Lassen is marked with an orange arrow to contex-
tualize the images in Fig. 2. The approximate locations of the
187 Forest Inventory and Analysis (FIA) plots used are over-
laid (black circles). The FIA locations depicted here are the
publicly available coordinates fuzzed to within ∼0.71 miles
(1.14 km) of the true plot location to comply with the Food Se-
curity Act of 1985 (H.R. 2100). Gaps in the plot coverage over
the fire footprint are typically either privately owned or non-
forest. The figure was created using QGIS version 3.44.1 and
assembled from the following data sources: Dixie fire bound-
ary (CALFIRE https://gis.data.ca.gov/datasets/CALFIRE-Forestr
y::california-f ire-perimeters-all-1/explore), Sentinel-2 derived
burn severity (European Space Agency), FIA fuzzed plot loca-
tions (USDA Forest Service). Base map from 3D Elevation Pro-
gram, courtesy of US Geological Survey.

ance of fire-excluded plots. To account for possible climate-
related drivers of burn severity, we associated 30-year climate
normals with each plot (maximum annual temperature, max-
imum annual vapor pressure deficit, mean annual precipi-
tation). We also estimated weather on the day and hour of
fire arrival (daily maximum temperature, daily precipitation,
daily mean wind speed, hourly precipitation, hourly mean
wind speed, hourly air temperature, hourly fuel temperature,
hourly relative humidity, hourly vapor pressure deficit, and
hourly maximum wind gust speed). To represent topography,
we calculated elevation, slope, aspect, and a terrain rugged-
ness index (TRI) for each plot. Eleven variables were elimi-
nated due to correlation or an inadequate number of non-null
cases, leaving 24 candidate variables to be included in model
selection.

Stand structure (horizontal)

Stand-level live TPA was calculated by summing the TPA
(TPA_UNADJ), defined as inverse of the tree-size specific plot
size on which trees were sampled, for all live tree records
in the condition. On plots with multiple conditions, the
TPA_UNADJ value for each tree was scaled by the condition
proportion associated with the tree’s diameter. Smaller trees
are sampled only at the sub- or micro-plot level, and these
differences in sampling area must be accounted for when de-
veloping density estimates (FIADB Users Guide; Burrill et al.
2021). To account for the effect of tree size on fire resistance,
stratified versions of TPA were calculated for 0 in. < DBH ≤
10 in. (0–25.4 cm), 10 in. < DBH ≤ 21 in. (25.4–53.3 cm), and
DBH > 21 in. (53+ cm) (abbreviated as TPA_leq10, TPA_10_21,
and TPA_gt21, respectively).

Live BAPA was calculated identically to TPA with the added
step of multiplying the TPA_UNADJ property by the tree’s
basal area, calculated as

(DBH
2

)2 · π . Analogous to TPA, we cal-
culated stratified versions for DBH classes of 0–10 in. (0–25.4
cm), 10–21 in. (25.4–53.3 cm), and 21+ in. (53+ cm) (abbrevi-
ated as BAPA_leq10, BAPA_10_21, and BAPA_gt21, respectively).

Canopy bulk density (Canopy_density, Cruz et al. 2003) was
calculated using the fire and fuels extension of the forest
vegetation simulator (FFE-FVS) (Reinhardt 2003). A plot-level
weighted average was calculated for plots with multiple con-
ditions by using condition proportion (CONDPROP_UNADJ in
the FIA database) as the weight.

Stand structure (vertical)

The FFE-FVS (Reinhardt 2003) was used to calculate canopy
base height (Canopy_Ht, Cruz et al. 2003) and the number
of canopy strata for each forested condition (abbreviated as
Number_of_strata and derived from attributes in the POTFIRE
and STRCLASS table outputs of that model). Plot level val-
ues for these attributes were obtained as weighted averages
with condition proportion (CONDPROP_UNADJ in the FIA
database) as the weight.

We also calculated the percentage of tree crown area per
acre belonging to trees with a crown height less than or equal
to 7 ft (2.13 m) and the same variable for trees with crown
height less than or equal to 20 ft (6.10 m) (abbreviated as Lad-
der_frac_7 and Ladder_frac_20, respectively). Crown area per
acre represented by each tree was calculated from measured
DBH, tree height, and the TPA adjustment factor using the
equations for crown diameter specified for the Inland Califor-
nia and Southern Cascades (CA) variant of FVS (Dixon 2002;
Keyser 2008).

Stand structure (unrestricted)

To account for the variability in fire resistance among tree
species, we drew on results from the First Order Fire Effects
Model (Peterson 2007) to classify individual trees as resistant
based on the DBH threshold past which mortality for trees
of that species drops below 30%. Red fir (Abies magnifica) and
ponderosa pine (Pinus ponderosa) were classed as resistant for
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Table 1. Sources and category of all variables evaluated in this study.

Variable Abbreviation Units Source Status

Response

RdNBR weighted_mean_RdNBR_macro Unitless indicator
variable

Sentinel-2

Binary severity (RdNBR ≥ 574) Severe Unitless indicator
variable

Sentinel-2

Independent (forest stand condition)

Basal area per acre BAPA ft2 ac−1 FIA

Basal area per acre for trees with DBH ≤ 10 BAPA_leq10 ft2 ac−1 FIA

Basal area per acre for trees with 10 < DBH ≤ 21 BAPA_10_21 ft2 ac−1 FIA

Basal area per acre for trees with DBH > 21 BAPA_21 ft2 ac−1 FIA Removed due to
high correlation

Trees per acre TPA trees ac−1 FIA Removed due to
high correlation

Trees per acre for trees with DBH ≤ 10 TPA_leq10 trees ac−1 FIA

Trees per acre for trees with 10 < DBH ≤ 21 TPA_10_21 trees ac−1 FIA Removed due to
high correlation

Trees per acre for trees with DBH > 21 TPA_gt21 trees ac−1 FIA

Percentage of basal area belonging to resistant species Res_pct_ba % FIA, FOFEM

Basal area belonging to standing dead trees Standing_dead_pct_ba ft2 ac−1 FIA

Percentage of basal area (BA) belonging to hardwoods Hard_pct_ba % FIA

Years since last fire Years_since_burn Years Fire and Resource
Assessment

Program (FRAP)

Removed due to
null observations

Severity of last fire Prev_burn_sever Unitless MTBS Removed due to
null observations

Number of canopy strata Number_of_strata Unitless FIA, FVS

Canopy base height Canopy_Ht Ft FIA, FVS

Canopy bulk density Canopy_Density kg m−3 FIA, FVS

Proportion of canopy area per acre < 20 ft Ladder_20_Frac % FIA, FVS

Proportion of canopy area per acre < 7 ft Ladder_7_Frac % FIA, FVS

Independent (climate)

30-year average maximum annual temperature Tmax_30_yr Degrees C Parameter-
elevation

Regressions on
Independent
Slopes Model

(PRISM)

30-year average maximum vapor pressure deficit Vpd_max_30_yr hPa PRISM Removed due to
high correlation

30-year average precipitation Precip_30_yr in. PRISM

Independent (weather)

Daily maximum temperature Daily_tmmx K GRIDMET

Daily minimum relative humidity Daily_min_relh % GRIDMET

Daily precipitation Daily_precip mm GRIDMET Removed due to
null observations

Daily wind speed Daily_windspd m s−1 GRIDMET

Hourly precipitation∗ Hr_precip mm RAWS

Hourly wind speed∗ Hr_windspd m s−1 RAWS Removed due to
high correlation

Hourly air temperature∗ Hr_airtemp Degrees C RAWS Removed due to
high correlation

Hourly fuel temperature∗ Hr_fueltemp Degrees C RAWS

Hourly relative humidity∗ Hr_relh % RAWS

Hourly vapor pressure deficit∗ Hr_vpd hPa RAWS Removed due to
high correlation

Hourly maximum wind gust speed∗ Hr_spd_maxgust m s−1 RAWS

Binned hourly maximum wind gust speed (>8.5 m s−1) High_wind Indicator RAWS

Independent (topographic)

Elevation ELEV Ft FIA Removed due to
high correlation
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Table 1. (concluded).

Variable Abbreviation Units Source Status

Terrain roughness Terrain_rough_idx m 3DEP Removed due to
high correlation

Aspect (Beers-transformed) Beers_aspect Unitless FIA

Slope Slope % FIA

Note: Sentinel-2——a European wide-swath, high-resolution, multi-spectral imaging mission; FIA——the Forest Inventory and Analysis (FIA) program of the U.S.; FOFEM——a
First Order Fire Effects Model; FVS——forest vegetation simulator; GRIDMET——the Gridded Surface Meteorological dataset; RAWS——the Remote Automatic Weather Stations
system; 3DEP——the United States Geographic Survey 3D Elevation Program. Units are those in which these data are provided. Status accounts for variables ultimately not
included in the models developed. RdNBR, Relative differenced Normalized Burn Ratio; DBH, diameter at breast height; TPA, trees per acre; BAPA, basal area per acre.

trees with DBH > 15 in. (38.1 cm), and white fir (Abies concolor),
incense cedar (Calocedrus decurrens), jeffrey pine (Pinus jeffryi),
and douglas-fir (Pseudotsuga menziesii) were classed as resistant
when DBH exceeded 20 in. (50.8 cm) in diameter. After clas-
sifying each tree as either resistant or not, we calculated the
percentage of live BAPA on each plot composed of resistant
trees (abbreviated as Res_pct_ba).

We calculated the BAPA composed of standing dead trees
(abbreviated Standing_dead_ba). Such trees have a value of 1
for the STANDING_DEAD_CD attribute in the FIA database.
We also quantified the percentage of live BAPA in hardwood
species (abbreviated as Hard_pct_ba). Of the 17 species found
on plots in the Dixie fire, six were hardwoods: bigleaf maple
(Acer macrophyllum), bitter cherry (Prunus emarginata), Cali-
fornia black oak (Quercus kelloggii), canyon live oak (Quercus
chrysolepis), pacific dogwood (Cornus nuttallii), and quaking as-
pen (Populus tremuloides).

Fire history

The legacy fire experience of each plot was considered
as a candidate predictor, however, only 19 out of 187 plots
had burned within the 15 years prior to the Dixie wild-
fire, and of those, the most recently burned had burned 9
years prior. Past 15 years, the effect of fuel depletion on
fire severity in Northern California has been observed to di-
minish (Harris and Taylor 2017; Taylor et al. 2021). Due to
the large number of null observations, time since fire and
prior burn severity were not included in the set of candidate
predictors.

Climate

Representation of long-term climate was drawn from
PRISM 30-year normal rasters with a spatial resolution of 800
m (PRISM Climate Group 2014). Raster cells were extracted
at plot centers to assign three 30-year average climate vari-
ables to each plot: maximum annual temperature, maximum
vapor pressure deficit, and average annual precipitation (ab-
breviated as Tmax_30_yr, Vpd_max_30_yr, and Precip_30_yr, re-
spectively).

Weather and wind

To assign daily and sub-daily weather variables to each plot,
we used the 2021 Visible Infrared Imaging Radiometer Suite
(VIIRS) Suomi National Polar-orbiting Partnership (NPP) Ac-

tive Fire product from the National Aeronautics and Space
Administration (NASA) Fire Information for Resource Man-
agement System (EARTHDATA 2025). VIIRS active fire records
are supplied as coordinates corresponding to pixel centers
with a timestamp recording the time of the first overpass in
which the thermal signature of a fire was detected. Although
VIIRS has a spatial resolution of 1230 ft (375 m), within the
Dixie fire footprint multiple overpasses resulted in VIIRS fire
detection points with an average nearest neighbor distance of
420 ft (128 m). We generated a smoothed triangulated irregu-
lar network to interpolate between the time-stamped points,
creating a 98 ft (30 m) raster time surface (Fig. 4).

Day and hour of fire arrival at each plot was estimated by
overlaying exact plot locations on the fire progression raster
described above. These “time stamps” provided the basis for
sampling Gridded Surface Meteorological dataset (GRIDMET)
daily weather rasters for estimates of daily maximum temper-
ature, minimum relative humidity, and wind speed (abbre-
viated Daily_tmmx, Daily_min_relh, Daily_windspd) (Abatzoglu
2013), and for assigning hourly weather data from the nearest
Remote Automated Weather Station (RAWS) to each plot (Fig.
5). Daily precipitation was considered but dropped from anal-
ysis because only six plots burned on days for which GRID-
MET recorded nonzero precipitation. Because of uncertainty
regarding the exact burn time, we tested several temporal
windows for averaging seven RAWS weather variables (pre-
cipitation [Hr_precip], wind speed [Hr_windspd], air tempera-
ture [Hr_airtemp], fuel temperature [Hr_fueltemp], relative hu-
midity [Hr_relh], max wind gust speed [Hr_spd_maxgust], vapor
pressure deficit [Hr_vpd]) and found that a 7 h window cen-
tered on the estimated burn hour produced the greatest area
under the receiver operating curve (AUC) when tested in a
naïve model consisting of basal area, 30-year maximum tem-
perature, canopy base height, hourly air temperature, and
hourly windspeed.

Topography

We calculated per-plot mean of the slope, elevation, and as-
pect values provided for each subplot in the FIA database (ab-
breviated Slope, ELEV, and Beers_aspect, respectively). We trans-
formed the aspect variable to be noncyclic with the formula
in Beers (1966). We derived a TRI raster from one-third arc-
second 3D Elevation Program elevation data and sampled it at
plot centers (abbreviated Terrain_rough_idx) (Stoker and Miller
2022).
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Fig. 4. Estimated Dixie fire arrival time in Julian hours [hours
since midnight Coordinated Universal Time (UTC), 1 January
2021]. Estimates were generated by using a triangulated ir-
regular network to interpolate time-stamped fire detection
pixel centers from the 2021 Visible Infrared Imaging Ra-
diometer Suite (VIIRS) Suomi NPP Active Fire product. The
figure was created using QGIS version 3.44.1 and assembled
from the following data sources: Dixie fire boundary (CAL-
FIRE https://gis.data.ca.gov/datasets/CALFIRE-Forestry::califo
rnia-f ire-perimeters-all-1/explore), VIIRS-derived burn time
(NASA Fire Information for Resource Management System),
base map from 3D Elevation Program, courtesy of US Geolog-
ical Survey.

Model design and development
To assess the drivers of burn severity, we fit binomial re-

gression models with a logit link to 24 of the 35 potential pre-
dictor variables spanning stand conditions (horizontal, verti-
cal, and unrestricted), weather, climate, and topography with
the binary severity code as the dependent variable (Table 1;
Fig. 6). We used these logistic regression models to develop a
multi-model average, following the methods in Anderson and
Burnham (2004). To standardize the model coefficients and
emphasize their relative importance, we scaled and centered
each variable using the scale function in R prior to fitting the
model (R Core Team 2023).

Variable elimination

To reduce the number of candidate models that would be
tested, we conducted a preliminary correlation analysis to re-
move the most highly correlated candidate variables prior
to testing models (Harrell 2001). Pearson’s correlation coeffi-
cient was computed for every variable pair in the scaled and
centered dataset to identify the most correlated pair of vari-
ables, eliminating the variable with the greater mean corre-

Fig. 5. Remote Automated Weather Stations (RAWS) and the
portions of the fire to which weather data from those sta-
tions was used to represent hourly weather. The overlaid
polygons (black lines) are Voronoi polygons that each en-
close the set of geographic points closer to a given RAWS
than any other RAWS. These polygons were used to link
each Forest Inventory and Analysis plot to weather mea-
surements at fire arrival time as observed by the closest
station. The figure was created using QGIS version 3.44.1
and assembled from the following data sources: Dixie fire
boundary (CALFIRE https://gis.data.ca.gov/datasets/CALFIRE-F
orestry::california-f ire-perimeters-all-1/explore), RAWS loca-
tions (National Weather Service). Base map from 3D Elevation
Program, courtesy of US Geological Survey.

lation with all other variables in the dataset. This process was
iterated until no pairs of variables remained with a correla-
tion coefficient greater than or equal to 0.85, a conservative
threshold selected to limit the risk of discarding a strong pre-
dictor. This resulted in the elimination of TPA (0.994 corre-
lation with TPA with diameter < 10 in. (25.4 cm)), TPA with
diameter between 10 and 21 in. (25.5–53.3 cm) (0.972 corre-
lation with basal area in the same diameter range), 30-year
vapor pressure deficit and terrain elevation (correlation coef-
ficients of −0.977 and −0.965 with 30-year maximum temper-
ature, respectively), hourly windspeed (0.964 correlation with
hourly maximum wind gust speed), TRI (0.945 correlation
with terrain slope), hourly vapor pressure deficit (0.937 cor-
relation with hourly air temperature), BAPA for trees greater
than 21 in. (53.3 cm) diameter (0.925 correlation with TPA in
the same diameter range), and hourly air temperature (0.895
correlation with hourly fuel temperature). Figure S1 shows
the correlation structure of the 24 variables that remained
after these eliminations.
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Fig. 6. Box plots of every candidate variable for severe and not-severe plots with two-tailed t-test p-value for each (posted
at the top of each panel). Differences between plots with severe and not-severe burn severity were significant (α = 0.05) for
elevation, hourly precipitation, hourly relative humidity, hourly maximum wind gust speed, hourly mean windspeed, 30-year
vapor pressure deficit, and 30-year maximum temperature. DBH, diameter at breast height.
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Considerations for model construction, selection,
and evaluation

To identify parsimonious subsets of the remaining 24 vari-
ables, we used AICc to rank candidate models that met our
criteria. To preempt the selection of correlated variables and
ensure the representation of each class of predictor known to
influence burn severity, variables were partitioned into corre-
lated and thematically focused groups, and these groups were
then used to restrict the set of tested models. Restricting the
set of candidate models to those that comport with a prior
understanding of burn severity drivers reduces the likelihood
of landing on a spurious or overfitted model, a common pit-
fall of unrestricted model selection (Anderson and Burnham
2004).

Candidate models were limited to those with exactly one
variable representing lateral canopy fuel continuity (hori-
zontal stand structure: BAPA, TPA, or canopy bulk density),
and one representing ladder fuel connectivity (vertical stand
structure: percent of canopy cover on trees with crown base
heights below 7 or 20 ft (2.1 or 6.1 m), number of canopy
strata, or canopy base height). Wind speed was allotted a sep-
arate group from other short-term weather variables in light
of its high importance and acceptably low correlation with
other weather metrics (Fig. S1). Candidate models were al-
lowed at most one variable representing wind speed (daily
windspeed, hourly max wind gust speed, or binary wind
gust speed class), at most one representing long-term cli-
mate (30-year precipitation, 30-year maximum temperature),
and one representing short-term site temperature or arid-
ity (daily minimum relative humidity, daily max tempera-
ture, hourly precipitation, hourly fuel temperature, or hourly
air temperature). The remaining “unrestricted” stand struc-
ture and topography variables (Beers-transformed aspect, ter-
rain slope, basal area of standing dead trees, percentage of
live basal area comprised of resistant species, and percent-
age of live basal area comprised by hardwood species) were
allowed to appear in any combination. Finally, models with
more than 12 parameters were excluded to ensure a ra-
tio of at least 15 observations per parameter (Harrell 2001).
This approach to model construction ensured that no vari-
able pairs within a candidate model would have a correla-
tion coefficient greater than 0.66 (Fig. S1), limiting the im-
pact of collinearity on coefficient estimates (Dormann et al.
2013).

Goodness of fit for all tested models was assessed by calcu-
lating cross-validated AUC (via the ROCR package for R; Sing et
al. 2005) by randomly partitioning the data into five “folds”,
fitting the candidate model to four with the fifth reserved
as test data, repeated across 10 random partitions. Reported
AUC were averaged across all 50 tests.

Akaike weights were calculated for the set of models with
�AICc < 7 (the upper bound of moderate evidence suggested
by Anderson and Burnham (2004)) as:

wi =
exp

(
− 1

2Δi (AICc)
)

∑K

i=1
exp

(
−1

2
Δi (AICc)

)

These were used to weight a multi-model average created via
the model.avg function in the MuMIn R package (Bartoń 2025).
This averaged model was evaluated by calculating AUC and,
after binning predictions with a cutoff of 0.5, percent accu-
racy and Cohen’s kappa. The kappa statistic compares agree-
ment between raters and is calculated as

κ =
2× (TP × TN − FN × FP)

(TP + FP)× (FP + TN) + (TP + FN)× (FN + TN)

where TP, TN, FN, and FP denote true positive, true negative,
false negative, and false positive, respectively. A value of 1 in-
dicates perfect agreement, whereas a value of 0 is consistent
with the level of agreement expected from the null model,
or random allocation. To detect possible spatial autocorrela-
tion, a spatial correlogram was generated from plot coordi-
nates and model residuals with the correlog function in the
ncf R package (Bjornstad 2022).

Mapping
We used Landscape Ecology, Modeling, Mapping and

Analysis (LEMMA) gradient nearest-neighbor imputations
(Ohmann et al. 2011) to estimate stand condition variables
for every 30 m pixel in Lassen and Plumas National Forests.
Hourly weather estimates were assigned to each pixel in the
Dixie fire footprint using the interpolated fire progression
map by matching pixel centers with the nearest RAWS. Daily
weather, climate, and topographic rasters were resampled to
match the 30 m pixel resolution of the LEMMA rasters.

We selected three parsimonious models to test on imputed
stand conditions. One consisted of the five variables with the
largest coefficients in the multi-model average, and the other
two were those with the highest AUC within the set of mod-
els with �AICc < 2. The averaged model was not used, as
the large number of variables it incorporates limit its feasi-
bility as the basis for a management tool. These models, as
fitted to the FIA plots, were applied to each pixel within the
Dixie footprint and the resulting predictions were evaluated
using the same metrics (AUC, accuracy, and Cohen’s kappa).
Spatial autocorrelation was measured by calculating global
Moran’s I on the map of residuals. To test sensitivity to scale
and address concerns about the granularity of LEMMA pre-
dictions, we also assessed accuracy after down-sampling the
predictions by a factor of 27–65 ha pixels (approximately one
quarter-section).

To demonstrate how these models might be applied to as-
sess the risk of high burn severity across the landscape, the
5-parameter model selected based on model averaging was
used to create maps of high burn severity likelihood cover-
ing the entirety of Lassen and Plumas National Forests by re-
placing the hourly wind map with uniform rasters of 50th,
90th, and 98th percentile hourly wind speed observations
from RAWSs over the period that the Dixie fire burned.

To test whether it is plausible that the fit of the prediction
maps is primarily driven by imputation error, we compared
the 5-variable model’s goodness of fit on sampled LEMMA
data to its goodness of fit to a dataset with intentionally per-
turbed stand condition estimates. The former drew on a sam-
ple of 227 pixels aligned to a regular 1.86 mi (3 km) grid,
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Table 2. Parameters for the multi-model average calculated from models with �AICc < 7.

Parameter Category β

2.5% Confidence
Interval (CI) 97.5% CI Subset β �wi

Intercept 0.426 0.097 0.755 0.426 NA

tmax_30_yr Climate 0.481 0.087 0.885 0.486 0.99

precip_30_yr Climate NA NA NA NA 0

BAPA_10_21 Horizontal 0.181 − 0.016 0.818 0.401 0.45

BAPA Horizontal 0.128 − 0.028 0.771 0.371 0.346

BAPA_leq10 Horizontal 0.013 − 0.177 0.529 0.176 0.072

Canopy_Density Horizontal 0.005 − 0.236 0.472 0.118 0.044

TPA_leq10 Horizontal 0.005 − 0.237 0.467 0.115 0.043

TPA_gt21 Horizontal 0.005 − 0.311 0.550 0.119 0.046

Ladder_20_frac Vertical 0.476 0.043 0.968 0.506 0.941

Number_of_Strata Vertical 0.001 − 0.213 0.446 0.116 0.009

Ladder_7_frac Vertical 0 − 0.282 0.362 0.04 0.003

Canopy_Ht Vertical − 0.011 − 0.610 0.144 − 0.233 0.046

standing_dead_ba Other 0.469 0.054 0.929 0.491 0.955

res_pct_ba Other 0.01 − 0.507 0.592 0.042 0.239

hard_pct_ba Other − 0.013 − 0.407 0.283 − 0.062 0.202

beers_aspect Other − 0.017 − 0.414 0.252 − 0.081 0.216

SLOPE Other − 0.049 − 0.550 0.208 − 0.171 0.289

hr_precip Weather 0.034 − 0.125 0.511 0.193 0.173

hr_relh Weather 0.025 − 0.198 0.608 0.205 0.124

daily_min_relh Weather − 0.013 − 0.466 0.195 − 0.136 0.096

daily_tmmx Weather − 0.018 − 0.577 0.230 − 0.173 0.103

hr_fueltemp Weather − 0.068 − 0.656 0.104 − 0.276 0.246

hr_spd_maxgust Wind 0.755 0.296 1.214 0.755 1

daily_windspd Wind NA NA NA NA 0

Note: Coefficients are based on scaled and centered variables, and represent the mean parameter value across all models, weighted by Akaike
weight. The values in the Subset β column represent the parameter values averaged only across those models in which the parameter appears
(i.e., nonzero). When this value is substantially larger than the corresponding full-average parameter estimate, the variable appears primarily
in models with low Akaike weights and is likely of low importance. The �wi column lists the sum of Akaike weights for all models in which
a variable appears and also indicates relative importance. AICc, corrected Akaike information criterion.

roughly approximating the spacing of FIA plots. Since these
sampled pixels draw on the same wind and climate layers
used to assign values to the FIA plots, they differ from the
plots only in their estimation of stand conditions. The fuzzed
dataset substituted 20 ft (6.1 m) crown percentage and snag
basal area with random values drawn from a Gaussian dis-
tribution with the same mean and standard deviation. Basal
area of mid-size trees was “jittered” by adding random values
from a Gaussian distribution with the same mean and half
the standard deviation.

Results

Top-ranked models’ selection
Three hundered forty-nine models had a �AICc less than

or equal to 7 (the top 116 models with �AICc ≤ 5 are pre-
sented in Table S2). Total BAPA and BAPA for trees 10–21 in.
(25.4–53.3 cm) were the most frequently selected density at-
tributes, each appearing in 106 models. Proportion of crown
area under 20 ft (6.10 m) was most frequently (for 300 mod-
els) selected as the vertical stand structure measurement. For
a short-term weather metric, 81 models omitted it entirely,
while 80 models included hourly fuel temperature. For cli-

mate, 340 models included 30-year mean maximum annual
temperature, with the remaining 9 omitting a climate met-
ric. All of the top 349 models incorporated hourly maximum
wind gust speed (hr_spd_maxgust). Finally, of the possible
combinations of unrestricted variables, basal area of stand-
ing dead wood as the only unrestricted variable was the most
common outcome, appearing in 80 of the top models.

Averaged model
The averaged model incorporates all 24 variables except

for daily windspeed and 30-year mean precipitation, neither
of which appear in the set of models with �AICc < 7. The
estimated coefficient for hourly windspeed has the greatest
magnitude, followed by the proportion of canopy area below
20 ft (6.10 m), 30-year maximum temperature, basal area of
standing dead wood, and BAPA for trees between 10 and 21
in. (25.4–53.3 cm) (Table 2; Fig. 7). Because all variables were
scaled and centered to have a mean of 0 and a standard devi-
ation of 1, parameter magnitudes can be interpreted relative
to changes of one standard deviation in their respective vari-
able (listed in Table S1) (Menard 2011).

The averaged model has an AUC of 0.727, whereas we
would expect an AUC of 0.5 for the null model (i.e., one in
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Fig. 7. Coefficients and 95% confidence intervals on parameters in the multi-model average calculated from models with
�AICc < 7. Coefficients are based on scaled and centered variables, and represent the mean parameter value across all models,
weighted by Akaike weight. BAPA, basal area per acre; AICc, corrected Akaike information criterion.

which severity is predicted randomly). When predictions are
binned using a breakpoint of 0.5, the model correctly classi-
fies the burn severity of FIA plots in the validation fold on
average 63.6% of the time, with a Cohen’s kappa statistic of
0.24. This indicates better performance than the null model
(associated with Cohen’s kappa of 0) but far from perfect
agreement (associated with Cohen’s kappa of 1) (Fig. 8; Table
3). The spatial correlogram developed from residuals clusters
near the x-axis, indicates a low degree of spatial autocorre-
lation for all tested neighborhood ranges (Fig. S2), making
unlikely the omission of an important, spatially defined pre-
dictor (Legendre and Fortin 1989).

Mapping
When applied to imputed stand structure, estimated

weather, and climate for each forested 30 m pixel on na-
tional forest or national park land within the Dixie footprint,
the three tested models had a maximum AUC of 0.54. At a

classification threshold of 0.5, pixels were correctly classified
at most 55.2% of the time, and the highest Cohen’s kappa
was 0.042, only slightly higher than the level of agreement
expected from the null model. Applying the burn severity
prediction model to currently available, spatially comprehen-
sive representations of the model inputs does not produce a
map reliable enough to serve as the basis for management
decisions. Mapped residuals exhibited a high degree of spa-
tial clustering, with global Moran’s I values ranging from
0.780 to 0.781, indicating the possibility that at pixel scale an
unaccounted-for spatially autocorrelated variable (or error in
the imputed predictors) is limiting model fit (Table 4; Fig. 9)
(Legendre and Fortin 1989).

When the maps of predicted high burn severity likelihood
were down-sampled to 65 ha cells (roughly a quarter section)
based on the findings of Bell et al. (2018), the models achieved
at most a 55.9% accuracy rate, with an AUC of 0.55 and Co-
hen’s kappa of 0.078. Residual spatial autocorrelation was re-
duced (0.412–0.424) but remained high (Table 4).
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Table 3. Confusion matrix for multi-model average.

Actual–not severe Actual–severe

Predicted–nonsevere 20.9% 15.5%

Predicted–severe 20.8% 42.8%

Fig. 8. Receiver operating curve for the multi-model average.
This plot depicts the true positive rate plotted against the
false positive rate at different classification cutoff points for
assigning high burn severity to Forest Inventory and Analy-
sis plots based on the numerical output of the logit link. A
corresponding curve for the null model would be a diagonal
line through the origin; larger area under the curve indicates
a better ability to discriminate between categories. AUC, area
under the receiver operating curve.

Applying the same 5-parameter model to randomly sam-
pled LEMMA pixels and randomized basal area, standing dead
wood, and ladder fuel data yielded the same AUC: 0.57. Thus,
the model fit to imputed data is at least consistent with what
could be expected from purely random ladder fuel and snag
estimates and highly inaccurate estimates of mid-sized basal
area.

To illustrate the kind of policy-relevant maps that might be
produced if spatially comprehensive input data of sufficient
quality were available, we generated maps of the 5-parameter
model applied to the entirety of the forested areas within
Lassen and Plumas National Forests and Lassen Volcanic Na-
tional Park for low, moderately high, and extreme wind gust
speed scenarios (Fig. S3).

Discussion

Stand density, snag density, and ladder fuels are
the primary modifiable drivers of high burn
severity

Our model results underscore the influence of pre-fire
stand density (as measured by live tree BAPA) on burn sever-
ity as assessed via remote sensing derived indices in north-
ern CA forests. This is consistent with findings elsewhere,
for example, Amato et al. (2013) found a strong positive re-

lationship between stand density and burn severity, as indi-
cated by CBI, in a central New Mexico ponderosa pine for-
est. Walker et al. (2021) reported that both depth of burn
in the organic soil layers and total C combusted increased
with pre-fire conifer density. In the southern Sierra Nevada
of California, Stephens et al. (2022) found that stand density
and dead biomass density had the greatest influence on fire
severity. Thanks to their lower moisture content and being
intermingled with live trees, abundant standing dead trees
may have acted to both directly ignite canopy fuels and exac-
erbate crown scorch as they burned, and to have generated
fine and coarse down wood in the years before the Dixie fire
that could have produced greater surface flame lengths and
incidence of crown fire initiation that increases the odds of
high burn severity outcomes. Parks et al. (2018) inferred that
low-severity fires that attenuate the emergence of ladder fu-
els enhance resistance to stand-replacing fire. Such findings
suggest that thinning and removal of especially understory
trees and snags in excess of what may be needed to achieve
habitat objectives could reduce the incidence of high burn
severity, contingent on the weather driving fires that arrive
at a forest stand.

Our model selection results also indicate that ladder fuel
abundance, manifest as Ladder_20_frac–the proportion of
canopy cross-sectional area belonging to trees containing live
foliage positioned <20 ft (6.1 m) above the ground——may more
accurately predict high burn severity than other commonly
relied upon measures of vertical crown structure. Judged
in terms of both the magnitude of the averaged parameter
and the sum of Akaike weights, Ladder_20_frac clearly out-
performs the other methods of quantifying vertical canopy
structure (Table 2). Live canopy closer than 20 ft (6.1 m)
to the ground, typically associated with saplings or small
pole-sized trees, constitutes “ladder fuel” that transmits fire
burning primarily in surface fuels (litter, duff, down logs,
grasses, forbs, and low shrubs) into the forest canopy, ini-
tiating and sustaining ignition of crown fuels that leads to
stand-replacing fire.

Local weather is the key uncontrolled driver of
burn severity

While stand density and ladder fuel abundance are burn
severity drivers that can be mitigated via management, the
other two drivers with high importance in the averaged
model——local scale weather on fire arrival (wind gust speed)
and climate (mean of three decades of annual local temper-
ature maxima)——are at least as important and not feasibly
controlled. It is well known that observed fire severity is me-
diated by climate conditions and other environmental fac-
tors occurring at regional to subcontinental scales (Parisien
and Moritz 2009). Moreover, extreme weather tends to over-
whelm any signal from fuels, such that fuels only matter
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Table 4. Parameters and accuracy metrics for models tested on Landscape Ecology, Modeling, Mapping and Analysis
imputations.

Model Parameters AUC Accuracy Kappa Residual global Moran’s I

1 BAPA, hr_spd_maxgust, hr_precip, Ladder_20_frac,
standing_dead_ba, tmax_30_yr

0.54 (0.55) 55.2% (55.9%) 0.042 (0.078) 0.781 (0.412)

2 BAPA_10_21, hr_spd_maxgust, hr_precip, Ladder_20_frac,
standing_dead_ba, tmax_30_yr

0.53 (0.54) 54.8% (55.2%) 0.034 (0.064) 0.780 (0.424)

3 BAPA_10_21, hr_spd_maxgust, Ladder_20_frac,
standing_dead_ba, tmax_30_yr

0.53 (0.54) 55.1% (55.6%) 0.038 (0.067) 0.780 (0.422)

Note: Model 1: Highest AUC within �AICc < 2 set, Model 2: Second highest AUC within �AICc < 2 set, Model 3: Constructed using the five most important parameters
identified in multi-model average. Values for the imputation to 65 ha pixels shown in parentheses. AUC, area under the receiver operating curve; BAPA, basal area per
acre.

to outcomes under nonextreme weather (Busby et al. 2023).
Thus, the success of fuel modifications may be largely lim-
ited to less than extreme weather conditions, which are far
more prevalent than extreme ones, over time. We found that
cross-temporal-scale factors are also influential——both local
(hourly) weather (wind gust speed) and average climate (30-
year max temperature) influenced burn severity.

Sources of uncertainty and practical
considerations for predicting and mapping
burn severity on large fires

Stand condition imputations

The drop in AUC seen between the burn severity predic-
tion models identified via model selection and the maps gen-
erated from those models was not entirely surprising given
our low expectations for imputation quality for two of the
three stand condition variables: ladder fuels and standing
dead basal area. Neither we nor the creators of the LEMMA
imputations expected that a remote sensing image-based im-
putation at 30 m resolution would provide high accuracy rep-
resentations of these fine-grained attributes given that snags
are almost undetectable except at very high densities and lad-
der fuels are virtually unobservable by satellite-based sensors.

Applying the five-parameter model to systematically sam-
pled LEMMA pixels and FIA plots with stand condition obser-
vations replaced (or, in the case of basal area, jittered) by ran-
dom samples from a Gaussian distribution resulted in iden-
tical goodness of fit (AUC of 0.57). Since both the FIA plots
and LEMMA pixels derive wind speed and climate data from
the same rasters, the contribution of those variables to pre-
diction error should be roughly equivalent. We would thus
expect a high-quality stand structure imputation to outper-
form randomized data. The fact that it did not is consistent
with our suppositions about the reliability of LEMMA impu-
tations, particularly as a basis for deriving ladder fuels and
snag basal area. Further testing along these lines is needed
to better understand the relative inaccuracy of each imputed
variable.

FIA sampling interval

Relying on FIA plot data, with its 10-year remeasurement
cycle, to represent pre-fire conditions in this analysis frame-
work presents potential challenges for plots where the inter-

val between the most recent pre-fire inventory and the fire
date is the maximum length of 10 years. Growth and mor-
tality over such intervals could lead to actual stand structure
and composition encountered by the fire being different than
the pre-fire FIA data. Although plots encountered by fire dur-
ing that interval were excluded from the analysis, other dis-
turbances such as drought, insects, or disease could also po-
tentially change a forest plot enough to affect its resistance
to stand replacing fire.

To evaluate the impact of measurement lag, we assessed
volume growth, volume mortality, and percent change in vol-
ume on 53 FIA plots within a 5 km buffer around the Dixie
fire perimeter that were remeasured in 2019, 2020, or 2021,
as these “look-back” 10 years over the same period for which
we might be concerned about significant departures. Tree
volume on 41 of these had changed by less than 30% with
net volume increases more common by far than declines; 9
had accumulated substantial (30–569) percentage volume in-
creases (though typically these involved modest change to ab-
solute volume owing to low initial volume 10 years earlier
on those plots), and 3 had experienced large live volume de-
clines (2 owing to a fire that preceded the Dixie and 1 ow-
ing to rampant mistletoe mortality). As noted earlier, plots
that burned before the Dixie were excluded from our analy-
sis dataset, so the number of plots with markedly different
conditions in the worst case (10 years post-measurement) is
quite small. Moreover, thanks to the availability of data from
Region 5’s spatially intensified plot network, 71% of plots in
our analysis were measured ≤5 years before the Dixie fire.
Relative to a 10-year interval, this preponderance of recent
visits would reduce the differences in structure and compo-
sition between the last pre-fire FIA visit and what the fire en-
counters. Ongoing temporal intensification is reducing the
FIA re-measurement cycle length in California from 10 years
to 5 years and could lead to plot data even closer in time to a
fire in most cases.

Weather at time of fire arrival

Further work is needed to improve the temporal represen-
tation of weather at all burned locations if reliable mapped
predictions are needed for a fire that has already burned.
Technical challenges in the production of spatially compre-
hensive pixel-scale representations of weather for the time
fire arrived did not inspire confidence in the accuracy of this
data layer. This could be one explanation for the low accu-
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Fig. 9. Predicted probability of high burn severity (top left), probability of high burn severity binned using a threshold of
0.5 (top right), actual burn severity as observed by Sentinel-2 and using a cutoff defining high severity as having Relative
differenced Normalized Burn Ratio > 574 (bottom left), and confusion map comparing predicted severity and actual severely
burned pixels (bottom right). Private lands have been omitted from the assessment as they were not represented in the Forest
Inventory and Analysis plots used to train the model. The figure was created using QGIS version 3.44.1 and assembled from the
following data sources: Dixie fire boundary (CALFIRE https://gis.data.ca.gov/datasets/CALFIRE-Forestry::california-f ire-perime
ters-all-1/explore), Sentinel-2 derived burn severity (European Space Agency). Base map from 3D Elevation Program, courtesy
of US Geological Survey.

racy and residual autocorrelation evident in the confusion
map (Fig. 8). Even for the far more limited number of loca-
tions occupied by the FIA plots, obtaining reliable weather es-
timates for the time of fire arrival was challenging. Thus, the
predictions from our selected model are limited largely due
to (1) uncertainty regarding fire arrival times (for plots and
pixels) owing to the coarse spatial and temporal resolution
obtainable from space-borne sensors and issues with data
quality, temporal resolution, and availability of data derived

from airborne sensors; (2) uncertainty about local weather
at each plot due to RAWS spacing and topographic variation
which would have required sophisticated meso-scale meteo-
rological modeling to produce somewhat more accurate rep-
resentations. To mitigate these limitations, Mass et al. (2021)
and Klock et al. (2023) present methods for using Weather
Research and Forecasting models to inform burn perimeter
interpolation and estimate more temporally resolved local
wind speed.
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Prospects for improving mapped predictions

If prediction accuracy issues are traceable to inaccurate
representation of weather when fire arrived, predicted sever-
ity (both probability of high burn severity, in Fig. 9, and area
where high burn severity is favored by better than even odds)
may prove useful to managers of an ongoing fire or pre-
fire fuels planners. These predictive products could be con-
sulted while factoring in anticipated weather or resistance
goals framed with respect to weather. Alternatively, if pre-
diction accuracy is constrained by inaccuracies in the impu-
tation of stand structure variables, other choices are avail-
able. The LEMMA map is one of several imputed inventory-
informed products already or soon to be available (others in-
clude BIGMAP and TREEMAP), and active efforts to improve
the accuracy of such products are continuing. These may yet
produce imputations of sufficient quality to generate better
predictions from models like the one presented here. Light
Detection and Ranging, in particular, can improve the mea-
surement of ladder fuels, a known weakness in imputations
relying on satellite-based sensors (Kramer et al. 2014). More-
over, it may be possible to build models for individual pre-
dictors that produce more accurate representations than can
be achieved with single or multiple nearest neighbor impu-
tations, a prospect worthy of further study. Finally, some pre-
diction error may be attributable to inherent limitations in
the relationship between remotely sensed burn severity met-
rics and ground-based measurements of burn severity, which
we have not even begun to address here but which have been
reported, for example, by Busby et al. (2023).

Implications for management
The modeling findings about the modifiable precursors to

high burn severity tend to support the currently proposed
silvicultural strategies for enhancing resistance to stand-
replacing fire in these forests: (1) increased thinning at regu-
lar intervals to achieve and maintain the lower stand densi-
ties that historically limited the incidence of stand-replacing
fire and to reduce the accrual of dead tree density beyond
what is required to foster quality habitat; and (2) regular re-
moval of ladder fuels, by hand-thinning and pruning, if re-
quired (Agee and Skinner 2005; Safford et al. 2012; Loverin et
al. 2024). Given the dominating influence of wind on burn
severity, local knowledge of where high wind speeds can
be expected (perhaps developed from other models or expe-
rience with how weather events are concentrated by topo-
graphic features) could also contribute to the prioritization
necessary to ensure that investments in fuel treatments are
focused where they are likely to be effective under the wind
speeds likely to be encountered (Keeley and Syphard 2019;
Prichard et al. 2020). Where managers require prospective
burn severity maps to prioritize and craft silvicultural op-
erations that reduce density and ladder fuels, burn severity
models such as those we constructed for the Dixie fire can
be translated into wind-contingent burn severity maps (Fig.
S3), provided that accurate, spatially comprehensive geodata
inputs of a few key stand structure metrics, and weather and
climate attributes can be developed to feed such workflows.

Conclusions
Our study of a megafire in northern California found five

influential predictors of high burn severity in a multi-model
average of logistic regression models: maximum hourly wind
gust speed, ladder fuels, basal area of mid-sized trees, basal
area of snags, and mean maximum annual temperature. The
multi-model average consistently predicts burn severity (AUC
of 0.727, Cohen’s Kappa statistic of 0.24). Our approach shows
that logistic regression models fitted to moderate-resolution
imagery, systematic forest monitoring data from FIA, and im-
puted stand characteristics offer good prospects for mapping
likelihood of high severity fire outcomes. Silvicultural treat-
ments that reduce stand density, standing dead trees, and lad-
der fuels, three of the five predictor categories in our model
of burn severity, enhance resistance to stand-replacing fire,
contingent on local mean temperature, and wind gust speed.
While more research is needed to fully understand the poten-
tial interactions among control drivers for future megafire oc-
currence over large areas, our results can contextualize sus-
tainable forest management planning to ultimately reduce
the incidence of large patches of stand-replacing wildfire in
western United States forests.
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