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A B S T R A C T

The prediction of fire-induced tree mortality is important for evaluating potential timber volume losses, 
replanting costs, and for assessing how mortality will impact long-term yield and carbon dynamics. However, 
current methods do not provide spatially explicit predictions, limiting the use of this data for proactive forest 
management, such as thinning and reducing fuel load to reduce tree mortality. In this study we assess whether 
the incorporation of individual tree inventory data derived from airborne laser scanning and modeled and 
observed fire intensity data can provide accurate spatially explicit tree mortality predictions. Specifically, tree- 
level mortality was predicted for over 1.9 million trees within six wildfires in mixed coniferous forest in 
northwestern Montana, USA, and validated using high resolution imagery for each segmented tree crown. 
Random forest classification models utilizing observed fire intensity metrics derived from VIIRS observations 
were the most accurate (overall accuracy: 77.2 %), followed by random forest classification models utilizing 
modeled fire intensity (64.5–66.1 %) and those that utilized existing logistic regression relationships (55.7–59.0 
%). The random forest tree mortality models also produced lower RMSE (6.3–10.2 %) and bias (1.7–3.7 %) 
compared to the logistic regression approach (RMSE: 38.4 %, bias: − 29.6 %) when mortality accuracy was 
assessed across tree size class. The predictor variable importance quantification showed that fire intensity metrics 
were more important than species and structural variables in the mortality classification. Ultimately, this study 
contributes to the remote sensing of fire effects and fire science fields by developing a remote sensing-based 
methodology for predicting spatially explicit individual tree mortality across large spatial extents.

1. Introduction

Globally, nearly 70 million hectares of forests burn each year, and 
although there has been a global decline in annual area burned since 
2000 (Andela et al., 2017), wildfire activity is projected to increase in 
many regions in response to climate change (van Lierop et al., 2015; 
Abatzoglou et al., 2021; Ellis et al., 2022), highlighting the need to 
improve forecasts of how trees die or recover from fires (Smith et al., 
2017). Compounding these projections is the recognition that in many 
fire-affected ecosystems there is a ‘prescribed fire deficit’, where more 
frequent planned fires are needed to maintain ecosystem function 
(Voelker et al., 2019). Fire effects forecasting is needed by land man
agement personnel to predict immediate and delayed tree mortality, 

plan salvage operations, evaluate replanting costs, and forecast how 
surviving fire-affected trees will impact long-term yield, carbon dy
namics, and landslide risk (Woolley et al., 2011; Hood et al., 2018). 
While current tree mortality models can provide accurate mortality 
predictions in some cases (Cansler et al., 2020; Hood et al., 2018), they 
rely on on-the-ground observations and are difficult to scale across large 
areas, hindering their use for proactive forest management (e.g., thin
ning, fuels reduction, hazard tree removal) (Hood et al., 2018; O’Brien 
et al., 2018). Given the variable nature of heat flux from fires results in 
highly variable spatial patterns of fire effects (Sparks et al., 2017; 
O’Brien et al., 2018), there is a need for a reliable and accurate way to 
predict tree mortality across spatial scales ranging from the individual 
tree to the landscape scale.

* Corresponding author at: Department of Forest, Rangeland, and Fire Sciences, College of Natural Resources, University of Idaho, Moscow, ID 83844, USA.
E-mail address: asparks@uidaho.edu (A.M. Sparks). 

Contents lists available at ScienceDirect

Remote Sensing of Environment

journal homepage: www.elsevier.com/locate/rse

https://doi.org/10.1016/j.rse.2025.115007
Received 21 July 2025; Received in revised form 29 August 2025; Accepted 2 September 2025  

Remote Sensing of Environment 331 (2025) 115007 

Available online 9 September 2025 
0034-4257/© 2025 Elsevier Inc. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

mailto:asparks@uidaho.edu
www.sciencedirect.com/science/journal/00344257
https://www.elsevier.com/locate/rse
https://doi.org/10.1016/j.rse.2025.115007
https://doi.org/10.1016/j.rse.2025.115007


Modeling systems that have been parameterized using wildland fire 
observations provide one avenue to predict tree mortality (Cansler et al., 
2020). While current fire-induced tree mortality models provide accu
rate predictions of immediate mortality in some cases (Cansler et al., 
2020; Hood et al., 2018) they are less effective at predicting delayed 
mortality (Shearman et al., 2023) and do not provide spatial outputs 
(Hood et al., 2018; O’Brien et al., 2018). Approaches to predict how 
trees respond to fire have predominately focused on using species- 
specific pre- and post-fire morphological traits (e.g., bark thickness, 
crown damage) within logistic-based regressions to predict survival or 
mortality (Ryan and Reinhardt, 1988; Hood et al., 2018; Rebain, 2022; 
Woolley et al., 2011). For instance, software widely used by United 
States fire management personnel include the First Order Fire Effects 
Model (FOFEM) (Lutes, 2020) and the Forest Vegetation Simulator Fire 
and Fuels Extension (FVS-FFE) (Rebain, 2022), predict fire-induced tree 
mortality through logistic regressions. While logistic regression ap
proaches accurately predict species-specific mortality in some cases 
(>70 % overall accuracy) (Cansler et al., 2020), predictions tend to be 
biased toward the majority class (Shearman et al., 2019). Other studies 
have shown ensemble learning algorithms such as random forest 
(Breiman, 2001) can produce improved results that are unbiased and are 
more adaptable to new datasets (Shearman et al., 2019). While both of 
these approaches provide accurate mortality predictions for many spe
cies they have not been evaluated whether they can predict mortality 
accurately across space (O’Brien et al., 2018). Furthermore, current tree 
mortality models are largely empirically based (Hood et al., 2018), and 
it is unknown whether they will provide accurate predictions as mor
tality thresholds shift due to changing climate and compounding 
stressors, such as drought and extreme heat events (Hood et al., 2018; 
Kleinman et al., 2019; Dickman et al., 2023).

To overcome these limitations, it has been proposed that models 
need to include mechanistic information that accounts for heat transfer 
effects on trees (O’Brien et al., 2018; Dickman et al., 2023). Fire 
behavior and spread models such as those in the FlamMap fire modeling 
program (Finney, 2006) could potentially provide fire intensity data for 
this approach as these models produce spatially explicit fire behavior for 
specified fuel moisture and weather conditions (Andrews, 1986; Finney, 
2006). FlamMap derived simulations may not produce as accurate 
spread rates and heat flux compared with physics-based computational 
fluid dynamics models that are linked to the atmosphere (e.g., WFDS, 
Mell et al., 2007; QUIC-fire, Linn et al., 2020). However, FlamMap 
simulations do not require high resolution 3-D fuel datasets and high 
performance computing resources needed by these models at large 
spatial scales and as such are more relevant to managers with limited 
fuels data and computational resources. Some studies have used 
modeled fire intensity derived from FlamMap to predict tree mortality 
(Ager et al., 2007, 2010; Alcasena et al., 2016). However, in most cases 
tree mortality was predicted at the stand level which masked any intra- 
stand mortality patterns, and importantly, no validation was completed 
in any of these studies to quantify the accuracy of the tree mortality 
predictions. Recent pyroecophysiology studies (Smith et al., 2025) that 
subject trees to known levels (i.e., doses) of heat flux via surface fires 
have shown that post-fire plant physiology, growth, and mortality of 
many tree species and tree sizes vary as a function of remotely sensed 
fire intensity measures like fire radiative power (FRP, units: W m− 2) and 
its temporal integral, fire radiative energy (FRE, units: J m− 2) (Smith 
et al., 2017; Steady et al., 2019; Sparks et al., 2018, 2023a, 2023b). 
Incorporating remotely sensed fire intensity data into mortality predic
tion holds significant promise for improving mortality estimates (Hood 
et al., 2018; O’Brien et al., 2018) but its ability to predict spatial patterns 
of fire-induced mortality has not been assessed.

Incorporating fire intensity data with airborne laser scanning data 
could potentially enhance the ability of current and new approaches to 
produce spatially explicit individual tree mortality predictions (Sparks 
et al., 2023b). Individual tree inventories derived from airborne laser 
scanning (ALS) data have been shown to detect most overstory trees 

(dominant and codominant trees) (Falkowski et al., 2008; Vauhkonen 
et al., 2012; Sparks et al., 2022, 2024a). This spatially explicit individual 
tree information could be combined with either modeled or observed 
fire intensity data to predict individual tree mortality. Fire intensity 
metrics such as fire radiative power are currently acquired on a range of 
spatial scales using airborne (e.g., Hudak et al., 2015; Schroeder et al., 
2014a) and satellite platforms (Giglio et al., 2016; Schroeder et al., 
2014b). For example, the Visible Infrared Imaging Radiometer Suite 
(VIIRS) sensor aboard the NASA/NOAA Suomi National Polar-orbiting 
Partnership (Suomi-NPP) and NOAA-20/21 satellites can provide up 
to six active fire observations at mid-latitudes at 375 m spatial resolution 
(Schroeder et al., 2014b). Recent studies have used multitemporal ALS- 
derived tree height data and remotely sensed fire radiative power data to 
quantify fire intensity impacts on post-fire mature tree growth (Sparks 
et al., 2023b). Other studies have assessed the relationship of fire radi
ative power derived from the VIIRS predecessor, the Moderate Resolu
tion Imaging Spectroradiometer (MODIS) sensor onboard the Terra and 
Aqua satellites, and forest net primary productivity (Sparks et al., 2018). 
However, to the authors’ knowledge no studies have coupled ALS- 
derived individual tree inventories and fire intensity datasets for mor
tality prediction.

The need for tree-level mortality prediction methods has grown in 
recent decades to meet the information requirements of various man
agement activities including: planning silvicultural treatments and 
salvage operations in mixed conifer forests that include species of 
varying fire susceptibilities (Cansler et al., 2020), planning fuel reduc
tion around old, relic trees that are susceptible to fire-induced mortality 
(Hood, 2010; Flanary and Keane, 2020; Shive et al., 2022), and 
removing potential hazard trees around recreation areas and powerlines 
(Ahmed et al., 2013; Cansler et al., 2020). For applications that need 
predictions well in advance of planned and unplanned fires, approaches 
that use modeled fire intensity would clearly be more useful than ap
proaches that use observed fire intensity. However, approaches that use 
observed fire intensity could provide useful information on where ac
tions could be taken to reduce delayed mortality, which can occur many 
years after the fire (Youngblood et al., 2009), as well as inform post-fire 
remediation planning. To address these research needs, the overall 
objective of this study was to evaluate the ability of three spatially 
explicit approaches to predict post-fire individual tree mortality in an 
ALS-derived individual tree inventory of over 1.9 million trees. The 
three approaches included a logistic regression approach that used 
FlamMap modeled fire intensity and crown scorch-mortality probability 
relationships to predict individual tree mortality (hereafter the ‘LR-FM’ 
approach), a random forest classification approach that used FlamMap 
modeled fire intensity and individual tree ALS-derived structural metrics 
to predict individual tree mortality (hereafter the ‘RF-FM’ approach), 
and a random forest classification approach that used VIIRS-derived fire 
intensity metrics and individual tree ALS-derived structural metrics to 
predict individual tree mortality (hereafter the ‘RF-VIIRS’ approach). 
Specifically, this study sought to 1) quantify the accuracy of the three 
approaches to predict fire-induced mortality, 2) characterize how pre
diction accuracy changes with tree size and time since fire, 3) identify 
and discuss the utility and limitations of each approach for research and 
natural resource management applications.

2. Study area and data

2.1. Study area

This study was conducted in the Flathead Reservation in north
western Montana, USA (Fig. 1). The study area encompasses a range of 
forest types ranging from dry, low elevation mixed conifer forest to wet, 
high elevation mixed conifer forest in the Mission Mountains 
(LANDFIRE: LANDFIRE Existing Vegetation Type layer, 2023). This 
study focuses on six fires that burned in 2022–2023 in which collocated 
pre-fire ALS data, post-fire high resolution imagery, and VIIRS active fire 
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observations are available. The fires ranged from 14 to 8384 ha in size. 
Two of the fires occurred in 2022 (Garceau, Red Horn) and four occurred 
in 2023 (Niarada, Middle Ridge, Communication Butte, Holmes). Four 
of the fires burned in low elevation (~1100–1650 m), mixed conifer 
forests dominated by Pseudotsuga menziesii and Pinus ponderosa (Niarada, 
Garceau, Middle Ridge, Communication Butte) (Fig. 1, left side). Two of 
the fires burned in high elevation (~2160–2260 m) mixed conifer forest 
dominated by Picea englemanii and Abies lasiocarpa in the Mission 
Mountains (Holmes, Red Horn) (Fig. 1, right side).

2.2. ALS derived individual tree inventory

Pre-fire ALS data was acquired across the entire study area in 
September 2021 using a RIEGL VQ-1560II sensor (RIEGL Laser Mea
surement Systems, Horn, Austria) with a 58-degree field-of-view. The 
sensor was mounted on a fixed-wing aircraft that varied its elevation 
between 1600 and 1900 m above ground level to produce 55 % flight- 
line overlap. The ALS data had an average pulse density of twenty 
pulses per square meter (ppm) and an average of four per-pulse returns 
over forested areas. Laser intensity normalization and return classifica
tion was completed by the supplier prior to delivery of the data 
following the American Society for Photogrammetry and Remote 
Sensing classification standard (ASPRS, 2011).

The ALS data was used to derive an individual tree inventory span
ning the six study fires. ForestView, a “gray box” tree detection and 
measurement software developed by Northwest Management Incorpo
rated (NMI, Moscow, Idaho), was used to detect individual trees (Corrao 

et al., 2022; Sparks and Smith, 2022a). ForestView uses local maximum 
filtering and watershed segmentation to detect peaks in ALS point cloud- 
derived canopy height models (CHM). Detected peaks that are at least 2 
m in height are assumed to be treetops. In addition to detection of trees, 
the software uses an internal database of field- and ALS-measured trees, 
along with point cloud derived metrics (e.g., height percentiles, strati
fied return densities, crown shape, laser return intensity) to model 
diameter at breast height (DBH) and predict species and live or dead 
status for each detected tree (Corrao et al., 2022). ForestView tree 
detection accuracies have been found to be comparable to other 
methods, with a higher proportion of dominant and codominant trees 
detected (>70 % on average) than intermediate and suppressed trees 
(<31 % on average) (Sparks and Smith, 2022; Corrao et al., 2022; Sparks 
et al., 2022). Likewise, an independent assessment reported that For
estView species classification for dominant species in a similar mixed 
conifer forest had relatively high classification accuracies (Producer’s 
accuracy: 60–68 %, User’s accuracy: 56–78 %) (Sparks and Smith, 
2022).

In total, 2,979,276 trees were detected within the six study fires, and 
each tree was given a unique identification code. Given that competition 
is a significant driver of reduced growth and increased mortality 
(Contreras et al., 2011; van Mantgem et al., 2016), the Hegyi (1974)
distance-dependent competition index was also calculated for each tree 
in the individual tree inventory as follows: 

Hegyi competition index =
∑n

i=1

DBHi

DBH × di
(1) 

where DBH is the DBH of the target tree, DBHi is the DBH of the ith 
neighbor tree, and di is the horizontal distance between the target tree 
and the ith neighbor tree. Following Lorimer (1983), the search radius 
around each tree was 14 m, which is 3.5 times the average crown radius 
in the individual tree inventory.

2.3. High resolution imagery

Post-fire sixty-centimeter spatial resolution airborne imagery from 
the National Agriculture Imagery Program (NAIP) was used to classify 
the proportion of dead canopy within each ALS-segmented crown. These 
data consisted of 4-band imagery (blue, green, red, near-infrared) ac
quired in early September of 2023. NAIP imagery is collected under 
contract specifications that allow up to 10 % cloud cover and is balanced 
for contrast and color and orthorectified using digital elevation models 
(Maxwell et al., 2017). No clouds, smoke or haze were visible in the 
imagery used in this study.

2.4. VNP14IMG active fire product and preprocessing

The VNP14IMG active fire product was used to map the fire intensity, 
in terms of fire radiative power and fire radiative energy, across each of 
the six study fires. The VNP14IMG active fire product is derived from the 
Visible Infrared Imaging Radiometer Suite (VIIRS) sensor aboard the 
NASA/NOAA Suomi National Polar-orbiting Partnership (Suomi-NPP) 
and NOAA-20/21 satellites (Schroeder et al., 2014b). VIIRS observes 
Earth’s surface twice each day with equatorial overpasses at 1:30 am 
and 1:30 pm. VIIRS data undergoes a pixel aggregation process, whereby 
pixels are aggregated at lower scan angles to limit the pixel area increase 
with scan angle (Wolfe et al., 2013). The VIIRS active fire product uses 
the VIIRS 375 m ‘I-bands’ and 750 m ‘M-bands’ and has a spatial reso
lution of 375 m at nadir, which results in an active fire sensitivity of 
around 10 times that of the Moderate Resolution Imaging Spectroradi
ometer (MODIS) (Zhang et al., 2017; Wooster et al., 2021). The 375 m 
I-bands are used primarily for fire detection and the 750 m M-bands are 
used in sub-pixel FRP retrieval (Schroeder and Giglio, 2016) due to 
frequent fire pixel saturation in the I-bands (Schroeder et al., 2014b). 
FRP retrieval for each 750 m fire pixel is estimated following Wooster 

Fig. 1. Location of the six study fires within the Flathead Reservation in 
northwestern Montana, USA. A Landsat 8 false color composite (red: B7, green: 
B5, blue: B2), acquired August 29, 2023, is used as background to highlight the 
distribution of forest (dark green), agriculture (light green), shrubland and 
senesced herbaceous vegetation (brown), and burned areas (dark red). (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)
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et al. (2003) and is divided among the number of coincident 375 m fire 
pixels. The final 375 m spatial resolution product includes a fire mask, 
quality assurance data and FRP.

Several preprocessing steps were used to map FRP and FRE across 
each of the study fire extents. We used maximum FRP and FRE as both 
metrics have been linked with reduced post-fire mature tree growth and 
productivity (Sparks et al., 2018; Sparks et al., 2023b). Following Sofan 
et al. (2020), we buffered each active fire pixel centroid by the average 
of the along-track and along-scan pixel size divided by two (i.e., ob
servations at nadir would have buffer of 187.5 m), resulting in over
lapping observations. Maximum FRP was identified for each area with 
overlapping observations. FRE was calculated as the temporal integral of 
FRP, assuming that FRP varies linearly between observations (Boschetti 
and Roy, 2009). VIIRS observation summary statistics for all fires are 
shown in Fig. 2.

2.5. Fire modeling input data

FlamMap 6.2 (Finney, 2006) was used to model fire behavior across 
the entire study area. FlamMap requires topographic data (elevation, 
slope, aspect), fire behavior fuel models, forest canopy characteristics 
(cover, height, crown base height, crown bulk density), fuel moisture 
and weather data. All input datasets were generated at- or resampled to- 
90 m spatial resolution.

Elevation, aspect, and slope data for the study area were derived 
from 10 m spatial resolution digital elevation models in the National 
Elevation Dataset (Gesch et al., 2002). These data were resampled using 
bi-linear resampling to 90 m resolution to match the other input data
sets. The Forest Vegetation Simulator Fire and Fuels Extension (FVS- 
FFE) (Rebain, 2022) was used to assign a standard fire behavior fuel 
model (Scott and Burgan, 2005) to each grid cell. FVS-FFE assigns two or 
more fire behavior fuel models to a cell, based on stand characteristics 

and fuel loads. Fire behavior parameters are predicted separately for 
each selected fuel model, and then combined into weighted averages 
using the relative difference in stand fuel loadings and the selected 
reference fuel models. FVS-FFE selects multiple fuel models for pre
dicting fire behavior to reduce the potential for dramatic changes in 
predicted fire behavior from one simulation growth cycle to the next, 
when relatively small changes in stand attributes cause the stand to 
move from one fuel model to another.

Forest canopy inputs were modeled using the ALS-derived individual 
tree inventory and FVS-FFE. Canopy height was calculated by FVS as the 
mean height of the dominant trees within a grid cell. FVS-FFE was used 
to compute percent canopy cover by summing the projected crown areas 
of the individual trees. Crown bulk density for each tree was calculated 
in FVS-FFE using Brown’s (1978) equations for Rocky Mountain conifers 
and then averaged to the 90 m grid cell. Crown base height (CBH) was 
calculated individually for each tree and was defined as the lowest 
height where canopy bulk density was at least 0.005 kg m− 3. For the 
FlamMap simulations, CBH was averaged to the 90 m grid cell.

Fuel moisture and wind speeds were calculated using the average 
daily fuel moisture and wind speed values from the four RAWS weather 
stations within the study area. The 80th and 95th percentiles of observed 
values were computed using the FireFamily Plus software package 
(FireFamily+, 2024) and are presented in Table 1. Computations were 
based on hourly weather data from 2004 to 2024, filtered for the date 
range May to September, of each year. Data from all four RAWS stations 
were combined into pooled data estimates, using equal weightings for 
all four stations. The 80th and 95th percentile weather conditions were 
used as they span conditions associated with less intense fire behavior to 
more intense fire behavior that is associated with detrimental impacts to 
ecological, economic, and social values (Bowman et al., 2017).

3. Methods

3.1. Overview

Three main steps were needed to address the study objectives and are 
outlined in Fig. 3. In the first step, we generated a reference live or dead 
dataset using the ALS-derived individual tree inventory and high reso
lution NAIP imagery that could be used for training and validation of 
each of the three mortality modeling approaches. This step was only 
conducted on trees identified as live in the pre-fire ALS-derived indi
vidual tree inventory so that we could reduce the probability that 
observed tree mortality was due to other factors besides the wildfires. In 
the second step, we modeled fire behavior at 90 m spatial resolution 
across the study area using FlamMap and structural information from 
the pre-fire ALS-derived individual tree inventory and historical weather 
conditions for the study area (e.g., 80th and 95th percentile fuel mois
ture and windspeed). In the final step, we predicted and validated 
mortality for each tree in the reference dataset using three modeling 
approaches. Each modeling approach used predictor variables that are 
known to be associated with fire-induced tree mortality (e.g., fire 

Fig. 2. Distributional statistics of (a) fire radiative power (FRP) and (b) fire 
radiative energy (FRE) across all study fires.

Table 1 
Weather and fuel moisture content values used in the study area-wide fire 
simulations representing 80th and 95th percentile conditions. Most common 
wind direction is also reported.

Variable 80th percentile 
conditions

95th percentile 
conditions

Windspeed (km h− 1) 11.3 14.5
Wind direction (◦) 203 275
1-h fuel moisture (%) 5 4
10-h fuel moisture (%) 6 4
100-h fuel moisture (%) 9 7
Live herb. Moisture (%) 33 30
Live woody veg. Moisture 

(%)
73 60
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intensity, tree size, crown base height and species). The ‘LR-FM’ and ‘RF- 
FM’ approaches used FlamMap-modeled fire intensity metrics and the 
‘RF-VIIRS’ approach used observed fire intensity derived from VIIRS 
active fire observations. Accuracy of each modeling approach was 
quantified by comparing the predicted individual tree mortality with 
observed mortality from the reference dataset at the individual tree scale 
and across tree size class and space. A distance-to-second-class metric 
using the predicted class probabilities from the RF models was also 
computed and compared with observed error to explore if this metric 
could provide useful information on classification confidence. A detailed 
description of each step is provided in the following sections.

3.2. Reference data generation: Individual tree crown classification

A random forest classification approach was used to classify pixels 
within each ALS-segmented tree crown as ‘live’, ‘unconsumed dead’, 
‘consumed dead’, and ‘shadow’ classes. The ‘unconsumed dead’ class 
included pixels with scorched foliage that appear yellow or brown and 
the ‘consumed dead’ included pixels where foliage was consumed, and 
only the main stem and charred branches remained. Random forest is an 
ensemble learning algorithm that aggregates the results of an ensemble 
of n classification trees trained using bootstrapped samples of the 
training data (Breiman, 2001). Crown pixels are assigned a classification 
by a majority vote of the ensemble of classification trees and cross- 
validated using “out-of-bag observations”, which are data not included 
in the bootstrap samples. Predictor variables included individual NAIP 
bands (blue, green, red, near-infrared) and spectral indices known to be 
sensitive to photosynthetically active vegetation (Table 2).

Reference data used for training and validation was selected using a 
stratified random sampling approach. Mean tree height and density 
were calculated using the individual tree inventory for each 90 m grid 
cell of the fire behavior modeling grid. We selected 90 m grid cells across 
the tree height and density range to capture variability in stand structure 
and illumination conditions (older, structurally complex forest stands 

will likely have more shadow within and among tree crowns than 
younger forest stands). Grid cells were grouped into strata by three 
height and density percentile classes (0–33, 33–66, 66–100), resulting in 
nine total strata. Five 90 m grid cells were randomly selected within 
each of the nine strata, and all 60 cm tree crown pixels within a selected 
grid cell were manually classified using visual interpretation of natural 
color (red: Red band, green: Green band, blue: Blue band) and false color 
(red: NIR band, green: Red band, blue: Green band) high-resolution 
imagery composites and guided by the pre-fire ALS-segmented crown 
polygons. The tree crown reference dataset consisted of 24,391 ‘live’ 
samples (pixels), 32,186 ‘unconsumed dead’ samples, 35,617 ‘consumed 
dead’ samples, and 1725 ‘shadow’ samples

The ‘randomForest’ (Liaw and Wiener, 2002) R package in R statis
tical software (R Core Team, 2024) was used for tree crown classifica
tion. The classifier was parameterized using a number of decision trees 
(Ntree) of n = 500 trees, and the number of predictor variables selected 
at each split (Mtry) was set to the number of predictor variables divided 
by three. Other studies have observed large variability in classification 
accuracy when a single split is used to separate the reference data into 

Fig. 3. Study framework highlighting the main inputs, processes, intermediate outputs and final outputs associated with the three main methodological steps.

Table 2 
Spectral index formulation and associated reference.

Spectral Index Formula Reference

Red-Green Index RGI =
ρred

ρgreen
Coops et al., 2006

Ratio Vegetation Index RVI =
ρNIR
ρred

Pearson and Miller, 
1972

Normalized Difference Vegetation 
Index

NDVI =
ρNIR − ρred
ρNIR + ρred

Rouse et al., 1974

ρλ denotes reflectance in spectral band λ: ρgreen = green reflectance, ρred = red 
reflectance, ρNIR = near infrared reflectance.
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training and validation datasets (Lyons et al., 2018). In an effort to 
minimize this variability, bootstrapping was used to repeatedly draw a 
random 10 % sub-sample from the reference dataset and split these sub- 
sample reference datasets into training and validation sets using an 
80:20 ratio. In total, 100 different sets were generated and classified. 
Confusion matrices generated between the predicted classification and 
the reference observations were used to calculate overall accuracy and 
omission and commission errors.

The majority classification value from the 100 different classification 
sets was used as the final crown classification and was used to generate a 
reference dataset of live and dead trees. Following Stovall et al. (2019)
and Hemming-Schroeder et al. (2023) individual trees were considered 
dead if at least 37 % of the tree crown was classified as dead, as these 
studies found this threshold was the most accurate and unbiased for 
mortality classification in western U.S. conifers. This ‘live’ or ‘dead’ 
dataset served as the reference dataset for training and validating the 
tree mortality modeling approaches and consisted of 885,670 live trees 
and 2,093,606 dead trees.

3.3. Fire behavior modeling

We used FlamMap 6.2 (Finney, 2006) to model fire behavior for all 
90 m grid cells within our study area. FlamMap uses input surface and 
tree canopy fuel data, topography, weather data and fire behavior 
models (Rothermel, 1972; Andrews, 1986) to produce grid cell pre
dictions of fire spread rate, flame length, crown fire activity type, fireline 
intensity and heat release per unit area. Fire behavior was modeled for 
all grid cells using the input data (detailed in section 2.4.) and fireline 
intensity (kW m− 1 s− 1) and heat per unit area (kW m− 2) outputs were 
used in the tree mortality modeling (detailed in 3.4.1. and 3.4.2.).

3.4. Individual tree mortality modeling

Tree mortality was modeled using three approaches, detailed in the 
following sections. For comparison purposes, only trees that were 
collocated with both FlamMap modeled fire behavior and VIIRS obser
vations were modeled and compared. Of the total 2,979,276 trees in the 
reference dataset, 1,921,218 trees greater than 2 m in height were 
collocated and considered in the following analyses with 632,741 trees 
being labeled as ‘live’ and 1,288,477 trees being labeled as ‘dead’. The 
height distribution of these trees is shown in Fig. 4.

3.4.1. Logistic regression approach
The logistic regression approach to modeling individual tree mor

tality used methodology similar to that in FVS-FFE. Two model runs 
were performed: the first used fireline intensity generated using 80th 
percentile fuel moisture and weather conditions, and the second used 
fireline intensity generated using 95th percentile fuel moisture and 

weather conditions. The FlamMap modeled fireline intensity was used to 
estimate crown scorch height. This information was coupled with spe
cies and bark thickness data in published species-specific logistic 
regression models (Cansler et al., 2020) to predict the probability of 
mortality for each tree. Crown scorch height (Hs: m) was calculated 
following van Wagner (1973): 

Hs = 0.1483× I0.667 (2) 

where I is the fireline intensity in kW m− 1. The total crown scorch 
proportion was calculated following Peterson and Ryan (1986). Bark 
thickness of each tree in the individual tree inventory was calculated by 
multiplying species specific bark thickness coefficients in Cansler et al. 
(2020) by the DBH. Crown scorch proportion and bark thickness were 
used as inputs in published species-specific logistic regression models 
compiled by Cansler et al. (2020) to estimate the probability of mor
tality. Recommended mortality probability thresholds from Cansler 
et al. (2020) were used to predict whether a tree was living or dead. 
Validation was conducted using confusion matrices calculated between 
the predicted live or dead classification and the reference live or dead 
dataset.

3.4.2. Random forest approaches
Two random forest classification models were used to predict each 

tree’s live or dead status using ALS-derived structural data and fire in
tensity metrics. Both random forest models used species and structural 
predictor variables known to be associated with fire-induced tree mor
tality. These included tree height, CBH modeled using FVS-FFE, Hegyi 
competition index value and species. The first model (RF-VIIRS) used 
VIIRS-derived maximum FRP and FRE in addition to structural predictor 
metrics. The second model (RF-FM) used FlamMap-derived heat per unit 
area in addition to structural predictor metrics. Two model runs were 
performed: the first used heat per unit area generated using 80th 
percentile fuel moisture and weather conditions, and the second used 
heat per unit area generated using 95th percentile fuel moisture and 
weather conditions.

Random forest classification was conducted using the ‘random
Forest’ (Liaw and Wiener, 2002) R package in R statistical software (R 
Core Team, 2024). Bootstrapping was used to repeatedly draw a random 
10 % sub-sample from the reference dataset and split these sub-sample 
reference datasets into training and validation sets using an 80:20 
ratio. In total, 100 different sets were generated and classified. Predictor 
importance was computed for each classification iteration as the 
normalized difference in the misclassification rate between the original 
classification and a modified classification where values of the predictor 
variable were randomly permuted in the out-of-bag observations. Vali
dation was conducted for each classification iteration using confusion 
matrices calculated between the predicted live or dead classification and 
the reference live or dead dataset.

3.4.3. Uncertainty quantification and class attribution confidence analysis
In addition to the classification accuracy computed using confusion 

matrices (Sections 3.4.1. and 3.4.2.) we assessed the accuracy of mor
tality estimates binned into 2 m height classes using the average root 
mean square error (RMSE) (Eq. 3) and mean bias (Eq. 4): 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(x̂ − xi)
2

n

√

(3) 

Mean bias =

∑n

i=1
(x̂ − xi)

n
(4) 

where x̂ are the predicted mortality values, xi are the observed mortality 
values, and n is the number of observations. We computed these accu
racy measures considering all trees and considering 2022 and 2023 fires Fig. 4. Height distribution of live and dead trees selected from the reference 

dataset for tree mortality modeling.
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separately to assess if there were any differences in immediate and 
delayed mortality quantification. We also calculated the proportion of 
total mortality (all size classes) for each 90 m grid cell within each fire 
perimeter to provide an aggregated accuracy measure that could be used 
to qualitatively assess spatial mortality pattern agreement. Aggregated 
mortality error was calculated as predicted mortality minus observed 
mortality for each grid cell. Summary statistics calculated using the 
distribution of errors between observed and predicted mortality were 
used to assess agreement.

We also conducted a distance-to-second-class (D2SC) analysis 
following Mitchell et al. (2008) and Hermosilla et al. (2022) using the 
predicted class probabilities from the RF models to see if this metric 
could provide useful information on classification confidence. D2SC is 
computed as follows (Eq. 5): 

D2SC = 100×

(

1 −
c2

c1

)

(5) 

where c1 is the proportion of votes of the most voted class and c2 is the 
proportion of votes of the second most voted class. Values of D2SC closer 
to 0 indicate lower class attribution confidence while values closer to 
100 indicate higher class attribution confidence. Grid cell error was 
compared with mean D2SC for each grid cell to quantify the trend and 
variability in classification error with increasing classification 
confidence.

4. Results

4.1. Reference data generation: Individual tree crown classification

The overall accuracy of the crown classification, averaged over the 
100 dataset iterations, was 81.4 % (±0.1 %) (Table 3). Average omission 
errors were lowest for the live class (6.4 %) and higher for dead 
(21.0–24.3 %) and shadow (30.5 %) classes. Likewise, average com
mission errors were lowest for the live class (9.4 %) and higher for dead 
(21.4–24.9 %) and shadow (19.3 %) classes (Table 3). An example of the 
crown classification and tree status attribution is shown in Fig. 5. Spe
cifically, Fig. 5 shows a post-fire false color NAIP composite (red: NIR 
band, green: red band, blue: green band) (Fig. 5a), crown classification 
(Fig. 5b), and tree status attribution (Fig. 5c) for an area within the 2023 
Niarada fire with a mixture of healthy trees, scorched trees, and trees 
with consumed foliage. The classified crown results showed close cor
respondence to visual patterns of crown death and consumption 
observed in the post-fire NAIP imagery for most of the fires. However, 
older fires (Garceau, Red Horn) had small areas where understory 
regeneration underneath consumed tree crowns resulted in these dead 
trees being misclassified as ‘live’. The assessment of predictor variable 
importance shows that the Red-Green Index and the blue band were 
more important for the crown classification than the other bands (red, 
green, NIR) and spectral indices (NDVI, RVI) (Fig. 6).

4.2. Mortality prediction

The overall accuracy of the individual tree mortality predictions was 
55.7–59.0 %, 64.5–66.1 %, and 77.2 %, for the logistic regression 
approach (LR-FM), random forest-FlamMap heat approach (RF-FM), and 
random forest-VIIRS approach (RF-VIIRS), respectively (Table 4). The 
RF-VIIRS approach had lower omission errors for both dead (11.2 %) 
and live (46.5 %) classes compared to the LR-FM approach (dead: 
33.7–46.0 %, live: 40.9–55.2 %) and RF-FM approach (dead: 16.1–17.4 
%, live: 70.0–70.8 %). Likewise, the RF-VIIRS approach had lower 
commission errors for both dead (20.4 %) and live (29.8 %) classes 
compared to the LR-FM approach (dead: 27.8–29.7 %, live: 59.7–60.5 
%) and RF-FM approach (dead: 29.0–30.3 %, live: 52.2–54.0 %) 
(Table 4). The assessment of predictor variable importance for both 
random forest models shows that the fire intensity metrics (maximum 
FRP, FRE, modeled heat flux) were more important for live or dead 
classification than species or structural metrics (height, crown base 
height, Hegyi competition index) (Fig. 7). RF-FM models using 80th and 
95th percentile fuel moisture and weather conditions had an identical 
order of predictor variable importance.

Table 3 
Confusion matrix results showing crown classification accuracy, averaged across 
the 100 classification iterations. Accuracy metrics report the mean (±95 % 
confidence interval).

Classification Accuracy metric Mean value (%) (±95 % CI)

Live Omission error 6.4 (0.1)
Commission error 9.4 (0.2)

Dead (unconsumed) Omission error 21.0 (0.3)
Commission error 24.9 (0.2)

Dead (consumed)
Omission error 24.3 (0.3)
Commission error 21.4 (0.3)

Shadow
Omission error 30.5 (0.4)
Commission error 19.3 (0.4)
Overall accuracy 81.4 (0.1)

Fig. 5. Crown classification and tree status attribution for an area within the 
2023 Niarada fire with a mixture of healthy trees, scorched trees, and trees with 
consumed foliage. Panel (a) shows a post-fire false color NAIP composite (red: 
NIR band, green: red band, blue: green band) acquired in September 2023. Non- 
scorched foliage appears red. Scorched foliage appears yellow to brown and 
consumed foliage appears gray to black. Panel (b) shows the results of the 
crown classification and panel (c) shows the tree status, where trees with >37 
% of dead crown are considered dead. ALS-segmented tree crowns are displayed 
in white on all panes. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)
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4.3. Uncertainty quantification and class attribution confidence analysis

The predicted and observed proportion of mortality by height size 
class across all fires is shown in Fig. 8. The RF-VIIRS model had the 
lowest RMSE and bias (6.3 % and 1.7 %, respectively), whereas the RF- 
FM and LR-FM model had higher RMSE and bias (RMSE: 10.2–38.4 %, 
bias: − 29.6–3.7). All models overpredicted the proportion of mortality 
for smaller trees and underpredicted the proportion of mortality for 
larger trees, though error was much smaller for the random forest 
models (Fig. 8b,c) versus the logistic regression model (Fig. 8a). Pre
dicted mortality RMSE and bias were lower for the random forest models 
for the fires that burned in 2023 (RMSE: 5.6–9.7 %, bias: 1.9–3.1 %) 
versus 2022 (RMSE: 8.3–13.3 %, bias: 6.6–8.1 %) (Fig. 9). Conversely, 
LR-FM predicted mortality RMSE and bias were higher for fires that 
burned in 2023 (RMSE: 39.9 %, bias: − 31.2 %) versus 2022 (RMSE: 
26.9 %, bias: -15.3 %).

Aggregated mortality error calculated as the difference in predicted 
minus observed total mortality (all size classes) for each 90 m grid cell 
within each fire, varied widely among the different models (Fig. 10). The 

RF-VIIRS model mortality error distribution was clustered closer to zero 
and had lower standard deviation (Fig. 10a; mean error ± SD: 7.9 ±
14.0 %) than the RF-FM model (Fig. 10b; mean error ± SD: 14.1 ± 25.4 
%) and the LR-FM model (Fig. 10c; mean error ± SD: − 22.8 ± 33.4 %). 
Overall, the majority of grid cells had a predicted total mortality that 
was underpredicted by the LR-FM approach and overpredicted by the RF 
approaches. Fig. 11 shows the aggregated mortality predictions and 
error, in terms of total observed mortality proportion per grid cell 
(Fig. 11a) and predicted mortality proportion per grid cell (Fig. 11b-d), 
across the southern extent of the 2023 Niarada fire. Notably, both the 
LR-FM and RF-FM approaches had higher error at the edges of the fire 
compared to the RF-VIIRS approach. Overall, the RF-VIIRS produced 
mortality patterns (Fig. 11f) that were qualitatively more similar to the 
observed mortality patterns (Fig. 11a) compared to the LR-FM (Fig. 11b) 
or RF-FM (Fig. 11d) results. Similar mortality prediction error patterns 
were observed for the other study fires.

Mortality prediction error decreased with increasing mean grid cell 
D2SC for the RF-FM model (Fig. 12a) and the RF-VIIRS model (Fig. 12b). 
The mortality prediction error variability also decreased with increasing 
D2SC, evidenced by the decreasing interquartile ranges with increasing 
D2SC (Fig. 12a,b).

5. Discussion

This study sought to predict the post-fire mortality of over 1.9 million 
trees in a mixed conifer forest using remotely sensed and modeled fire 
intensity and tree attributes from an ALS-derived individual tree in
ventory. Model predictions for individual tree mortality were validated 
using a reference dataset generated using high resolution NAIP imagery 
for each tree crown. The random forest classifiers outperformed the 
logistic regression approach with higher overall classification accuracy 
(RF-VIIRS: 77.2 %, RF-FM: 64.5–66.1 %, LR-FM: 55.7–59 %) and lower 
RMSE (RF-VIIRS: 6.3 %, RF-FM: 11.8 %, LR-FM: 41.3 %) and bias (RF- 
VIIRS: 1.7 %, RF-FM: 2.5 %, LR-FM: − 35.2 %) when compared by tree 
size class. The predictor variable importance quantification showed that 
fire intensity metrics were the most important variables in the mortality 
classification. This study and others highlight the importance of fire 
intensity metrics for predicting post-fire individual tree mortality 
(Steady et al., 2019; Sparks et al., 2023b). Ultimately, this study 
demonstrated the utility of a remote sensing-based methodology for 
predicting tree mortality across large spatial extents that could poten
tially help managers proactively manage forests to reduce losses of 
merchantable timber volume and plan post-fire actions such as salvage 
logging and replanting operations. Following further validation in a 
wider diversity of fire-affected forest and woodland ecosystems, the RF 
approaches have the potential to be widely adopted to create a spatial 
product to predict fire-induced tree mortality across large spatial scales, 
providing end-users with a robust alternative to current fire severity 
geospatial products.

Predicting post-fire tree mortality using remote sensing data pro
vides several key strengths over current approaches. First and foremost, 
predictions of mortality provide forest managers tools for proactive 
management instead of reactive management. While remote sensing 
data such as Landsat and small satellite data (e.g., PlanetScope) have 
enabled accurate mapping of post-fire stand scale mortality (Furniss 
et al., 2020) and crown scale mortality (Dixon et al., 2023) these data do 
not provide information that managers can use to take actions to reduce 
mortality prior to planned prescribed fires and unplanned wildfires. 
Clearly, the RF-FM approach would enable actions well in advance of 
unplanned fires, unlike the RF-VIIRS approach which relies on active fire 
data. However, the RF-VIIRS approach could provide useful information 
on where actions could be taken to reduce delayed mortality, which can 
occur many years after the fire (Youngblood et al., 2009), as well as 
inform post-fire remediation planning. Secondly, predicting individual 
tree mortality using ALS-derived inventories provides spatial context to 
the mortality estimation. Information on spatial patterns of tree 

Fig. 6. Predictor variable importance reported as the mean (±95 % confidence 
interval) decrease in crown classification accuracy. RGI: Red-Green Index; blue: 
blue band; green: green band; red: red band; NDVI: Normalized Difference 
Vegetation Index; RVI: Ratio Vegetation Index; NIR: near infrared band. (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.)

Table 4 
Confusion matrix results showing live or dead classification accuracy for the 
logistic regression approach (LR-FM), random forest-FlamMap approach (RF- 
FM), and random forest-VIIRS approach (RF-VIIRS). Accuracy metrics for the 
LR-FM and RF-FM models report results for models using 80th and 95th 
percentile fuel moisture and weather conditions. Accuracy metrics for the 
random forest models report the mean (±95 % confidence interval), averaged 
across the 100 classification iterations.

Live or Dead 
classification

Accuracy 
metric

LR- 
FM 
(80th)

LR-FM 
(95th)

RF-FM 
(80th)

RF-FM 
(95th)

RF- 
VIIRS

Dead

Omission 
error (%)

46.0 33.7 17.4 
(0.08)

16.1 
(0.2)

11.2 
(0.1)

Commission 
error (%)

27.8 29.7 30.3 
(0.05)

29.0 
(0.1)

20.4 
(0.1)

Live

Omission 
error (%) 40.9 55.2

70.8 
(0.12)

70.0 
(0.2)

46.5 
(0.1)

Commission 
error (%) 60.5 59.7

54.0 
(0.11)

52.2 
(0.2)

29.8 
(0.2)

Overall 
accuracy (%) 55.7 59.0

64.5 
(0.05)

66.1 
(0.1)

77.2 
(0.1)

A.M. Sparks et al.                                                                                                                                                                                                                              Remote Sensing of Environment 331 (2025) 115007 

8 



mortality is needed for silvicultural treatment planning to reduce ex
pected mortality or plan for post-fire timber salvage and replanting 
operations (O’Brien et al., 2018; Keefe et al., 2022). For example, 
managers could use this information to identify where fires could cause 
the loss of significant timber volume resources, wildlife habitat or other 
ecosystem goods and services. While current approaches such as FVS- 
FFE provide estimates of stand level mortality, they do not provide in
formation on how mortality varies over space (O’Brien et al., 2018). The 
distance to second class metric computed for the RF models also appears 
to provide key value added, spatially explicit information that managers 
and researchers can use to understand classification confidence. Class 
confidence information would be especially useful in areas with limited 
validation data that can be used to compute error estimates.

Remotely sensed fire intensity and tree attributes enhanced the ac
curacy of the mortality predictions. The RF-VIIRS model, which used 
VIIRS derived maximum FRP and FRE, was the most accurate model and 
these intensity metrics were identified as the two most important vari
ables in the variable importance analysis. Likewise, ALS-derived height 

and distance-dependent competition were important for the RF-VIIRS 
and RF-FM classifiers. It is important to note that while some variables 
are ranked as more important than others, the output predictions rely on 
all predictor variables. However, the predictor variables ranked as more 
important coincided with expectations based on the fire induced tree 
mortality literature. For example, the relationship between fire intensity 
and tree mortality is well known (Ryan and Reinhardt, 1988; Smith 
et al., 2025). Other studies have also shown size-dependent relationships 
where smaller trees are killed at higher proportions than larger, more 
developmentally mature trees (Stephens and Finney, 2002; McDowell 
et al., 2018). Competition is also known to influence the post-fire mor
tality of conifers. For example, van Mantgem et al. (2016) observed 
significantly lower mortality in lower density stands, which they posited 
was due to reduced competition. The random forest models out
performed the logistic regression approach, which has also been 
observed using field-derived mortality datasets (Shearman et al., 2019). 
However, the random forest models still had relatively large omission 
errors for living trees, which may not be useful for some applications, 

Fig. 7. Predictor variable importance reported as the mean (±95 % confidence interval) decrease in live or dead classification accuracy for the RF-VIIRS model (a) 
and the RF-FM model using 95th percentile fuel moisture and weather conditions (b). FRP max: maximum Fire Radiative Power; FRE: Fire Radiative Energy; CBH: 
crown base height, Hegyi: Hegyi competition index; Height: total tree height; Species: individual tree species; Pred heat: FlamMap predicted heat per unit area.

Fig. 8. Predicted and observed proportion of mortality by height size class across all fires. Panel (a) shows the LR-FM model predicted mortality versus observed 
mortality, (b) shows the RF-FM model predicted mortality versus observed mortality, and (c) shows the RF-VIIRS predicted mortality versus observed mortality. In 
(a) and (b) the error bars show the lower and upper predicted mortality bounds when using 80th and 95th percentile fuel moisture and weather conditions. In all 
panels, purple coloration indicates where the two distributions overlap. (For interpretation of the references to color in this figure legend, the reader is referred to the 
web version of this article.)
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such as predicting survival of legacy trees (Cansler et al., 2020). While 
machine learning models such as random forest are more difficult to 
interpret than other modeling approaches (Cutler et al., 2007), forest 
managers may be more interested in accurate prediction over inter
pretability (Shearman et al., 2019). Given observations showing that 
stressed trees have a greater mortality probability than non-stressed 
trees (van Mantgem et al., 2013; van Mantgem et al., 2016; Partelli- 
Feltrin et al., 2020; Sparks et al., 2024b) further work could explore 
using remotely sensed datasets that can quantify drought stress, such as 
ECOSTRESS evaporative stress index (Fisher et al., 2011, 2020), to in
crease the accuracy of post-fire mortality prediction.

While this study developed a promising remote sensing-based 
methodology for predicting individual fire-induced tree mortality, 
several limitations should be explored in future research. Firstly, this 
study relied on high pulse density ALS data (mean 20 ppm) to identify 
and segment the individual tree crowns. Availability of similar datasets 
may preclude this methodology from being implemented in other areas. 
While there is freely available lower pulse density ALS data (~8 ppm), 
such as the United States Geological Survey (USGS) 3D Elevation Pro
gram (US Geological Survey, 2024), some of these collections may be 
inaccurate for segmenting crowns due to forest disturbances between 
the date of ALS collection, and high-resolution imagery date. However, 
the growing use of uncrewed aerial systems-based ALS data may also 
help fill gaps where ALS data is not available. Furthermore, Digital 
Aerial Photogrammetric (DAP) point clouds derived from stereo imag
ery may serve as another potential dataset that could be used to fill in 
gaps between ALS datasets. For example, the segmentation of NAIP- 
derived canopy height models could potentially supplement current 
ALS acquisitions, given its ability to quantify stand height (Strunk et al., 
2019; Ritz et al., 2022), and acquisition frequency of 2–3 years for entire 
conterminous United States. Another limitation that should be consid
ered is the error associated with individual tree detection and 

segmentation derived from ALS data. The individual tree detection 
methodology used in this study has higher detection rates of dominant 
and codominant trees and lower detection rates of intermediate and 
suppressed trees (Sparks et al., 2022; Sparks et al., 2022). These detec
tion rates will likely produce less accurate results in cases where the 
mortality rate of smaller trees occluded by the overstory are needed (i.e., 
quantifying mortality of smaller trees that constitute crown ladder 
fuels).

Other limitations of the presented methodology include its reliance 
on modeled attributes that have not been validated widely. Due to 
various constraints, validation of several of the input datasets, including 
surface fuel model selection and crown base height was not conducted in 
this study. The accuracy of the FVS-FFE surface fuel model selection is 
not well understood. However, several studies have compared custom 
fuel models derived from field data to the FVS-FFE selected generalized 
fuel models and found that although the custom fuel models more 
accurately represented actual fuel loads, the resulting modeled fire 
behavior was not significantly different (Noonan-Wright et al., 2014; 
Barker et al., 2019). The uncertainty associated with FVS-FFE modeled 
tree crown ratio is also not well understood. Tinkham et al. (2017) found 
FVS-FFE modeled crown ratio was underestimated by approximately 5 
% to 20 % depending on site index for conifers in the central Rocky 
Mountains, USA. This observed crown ratio underestimation resulted in 
an overestimation of CBH. To help reduce the CBH overestimation error 
in the current study we adjusted the crown bulk density threshold from 
0.011 kg m− 3 to 0.005 kg m− 3.

Wildfires are stochastic events and are highly variable in space and 
time, and managers do not know the exact weather and fuel moisture 
conditions under which future wildfires will burn. To address this un
certainty, managers could use this methodology to model a range of fire 
weather and fuel conditions to more accurately capture this variability. 
In this study, we modeled fire behavior for 80–95th percentile scenarios 

Fig. 9. Predicted and observed proportion of mortality by height size class across fires that burned in 2022 (top row) and fires that burned in 2023 (bottom row). 
Panels (a) and (d) show the LR-FM model predicted mortality versus observed mortality for 2022 and 2023, respectively. Panels (b) and (e) show the RF-FM model 
predicted mortality versus observed mortality. Panels (c) and (f) show the RF-VIIRS model predicted mortality versus observed mortality. For LR-FM and RF-FM 
panels, the error bars show the lower and upper predicted mortality bounds when using 80th and 95th percentile fuel moisture and weather conditions. In all 
panels, purple coloration indicates where the two distributions overlap. (For interpretation of the references to color in this figure legend, the reader is referred to the 
web version of this article.)
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to capture a broad range of fire behavior. However, depending on the 
application of the prediction, different modeled ranges may be more 
useful. For example, predicting mortality of fire-susceptible species may 
require fire behavior modeling using more conservative fuel moisture 
and weather conditions. Another consideration of using methodology 
that incorporates active fire observations is that due to the high spatial 
and temporal heterogeneity of fire behavior, a lower active fire obser
vation frequency can result in a poorer characterization of the fire 
behavior (Giglio, 2007; Freeborn et al., 2014; Hudak et al., 2015). This 
study incorporated VIIRS observations from only the Suomi-NPP and 
NOAA-20 satellites as VIIRS data from NOAA-21 was not available for 
this study. Combined observations from all three satellites could 
potentially improve the fire characterization of future work and the 
resulting tree mortality prediction accuracy. In addition to temporal 
considerations, the relatively coarse resolution of VIIRS data relative to 
the scale of individual trees likely increases mortality prediction error as 
the coarse scale data overpredicts intensity for some trees and under
predicts intensity for others.

Like other studies, our findings show that the timing of mortality 
classification is an important consideration for predicting mortality. In 
general, delayed mortality is much more difficult to predict than im
mediate mortality as additional stressors (e.g., drought, competition, 
insects) increase the probability of tree mortality after the fire (Kane 
et al., 2017; Hood et al., 2018). In part due to these additional factors, 
morphologically based predictions of tree mortality have been shown to 
degrade in accuracy over time (Shearman et al., 2023). As NAIP imagery 
is collected every 2–3 years, this data could be used to examine the 

relationship between individual tree attributes, fire intensity and 
delayed mortality. The random forest classification results from this 
study also show that classifying mortality for older fires (>1 year before 
NAIP imagery acquisition) can be a source of error (Fig. 9). Specifically, 
understory regeneration in older fires caused some of the segmented tree 
crowns to appear healthy, when they were visibly defoliated in the post- 
fire high resolution NAIP imagery. Future studies could use post-fire ALS 
data to screen out trees with consumed crowns by assessing the reduc
tion of crown volume within each segmented tree crown from pre-fire to 
post-fire.

6. Conclusions

This study demonstrated that integrating remotely sensed and 
modeled fire intensity data with ALS derived data has considerable 
potential to develop new spatially explicit fire-induced tree mortality 
products. Through the use of an ALS-derived individual tree inventory of 
over 1.9 million trees this study highlights the valuable structural in
formation that high-resolution ALS data (>20 ppm) can provide to fire 
management and forest management planning efforts. Integration of 
modeled fire intensity suggests that this methodology is adaptable to 
simulate multiple fire modeling scenarios, which could be used to more 
fully understand the variability in fire behavior and tree mortality across 
space. Future research could also assess whether the inclusion of other 
information, such as remotely sensed measures of chlorophyll fluores
cence and water stress that have been shown to be indicators of drought- 
based tree mortality (Fisher et al., 2011, 2020; Guadagno et al., 2017), 
aids in increasing the mortality prediction accuracy. Equally, inclusion 
of ancillary datasets such as down-scaled vapor pressure deficit, gridded 
surface winds, and soil moisture should be explored. The framework 
presented in this study has considerable potential to advance fire 
severity research beyond the over-reliance on NBR and similar spectral 
indices that lack a mechanistic connection to the fire-affected ecosys
tems toward the creation of the next-generation of robust and validated 
remote sensing products to predict and assess fire impacts on trees. Such 
products need to be robustly validated across a wide range of fire- 
affected ecosystems and should leverage planned fire behavior and 
remote sensing field campaigns, such as that proposed by the National 
Aeronautics and Space Administration FireSense program (Falkowski 
et al., 2024).

The development of accurate regional fire-induced tree mortality 
products could also enable significant improvements in the creation of 
tertiary products related to the assessment of above and below ground 
carbon emissions and stocks following fires (Stenzel et al., 2019), the 
modeling of biogeochemical cycles (Hanan et al., 2022), predicting the 
risk of future wildfire ignitions associated with dead trees falling on 
power lines (Ahmed et al., 2013), evaluating impacts on growth and 
yield (Sparks et al., 2023b), and modeling potential fire impacts asso
ciated with erosion and slope stability (Abdollahi et al., 2023). The 
creation of these tertiary application products would be achieved 
through coupling the spatially explicit fire-induced tree mortality data 
with other datasets related to topography, soil properties, and hydrology 
that could also be acquired through remote sensing.
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Fig. 10. The distribution of mortality prediction error, calculated as the dif
ference in predicted minus observed total mortality (all size classes) for each 90 
m grid cell across all study fires. Panels (a–c) show the error distribution for the 
LR-FM, RF-FM, and RF-VIIRS models, respectively. In (a) and (b) the mortality 
prediction error is shown for the average of the models using 80th and 95th 
percentile fuel moisture and weather conditions.
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Fig. 11. Total mortality (left panes) and predicted mortality error (right panes) aggregated to each 90 m grid cell across the southern extent of the 2023 Niarada fire. 
Panel (a) shows the observed mortality and panels (b,d,f) show the predicted mortality for the LR-FM, RF-FM, and RF-VIIRS models, respectively. Panels (c,e,g) show 
the predicted mortality error for the LR-FM, RF-FM, and RF-VIIRS models, respectively. Only grid cells within the fire perimeter that contain trees are shown.
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