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A B S T R A C T

Fuels are a large source of uncertainty in fire emissions estimates due to variability in the physical and chemical 
properties of fuels and how they are represented. These uncertainties can be addressed using imaging spec
troscopy and lidar data, that provide observations of the chemical and physical traits and spatial distribution of 
vegetation. Combined with ground fuel measurements, these data provide information on fuel distribution and 
quantity important for mapping and modeling fire effects. In this study, we present a methodology to develop 
models and continuous maps of pre-fire fuel characteristics for use in fire emissions modeling. We first addressed 
any spatial gaps over fire areas for Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) chemical trait data 
using Random Forests regression and for derived fractional cover. We used the AVIRIS fractional cover and 
chemical traits or AVIRIS estimates alongside lidar, multispectral, and topographic variables to build fuel 
characteristic models informed by ground measurements with partial least squares regression. We derived maps 
of predictive uncertainty alongside a suite of uncertainty statistics for each fuel characteristic that inform the use 
of fuels data within fire effects models. We used two study sites: the Williams Flats wildfire in eastern Washington 
state, USA and three prescribed crown fires in Utah, USA. The results show similar error between calibration and 
validation sets and NRMSE of around 20 % or lower for a majority of the fuel models. We present fuel char
acteristic and uncertainty maps for all fires. This study shows that the use of imaging spectroscopy and lidar data 
have the potential to represent fuel heterogeneity and continuously map fuel characteristics for fire effects 
modeling.

1. Introduction and background

The frequency, severity, and extent of wildfires are projected to in
crease in the western United States due to rising temperatures attributed 
to climate change (Stephens et al., 2013; Stavros et al., 2014). The 
quantity of area burned by wildfires has approximately quadrupled in 
the United States in the past forty years (Burke et al., 2021), and fire 
climatology studies suggest that in the coming decades, the annual area 

burned will continue to increase (McKenzie et al., 2004; Flannigan et al., 
2009; Littell et al., 2010; Liu and Goodrick, 2013; McKenzie et al., 
2014). Climate change impacts that lead to an increased incidence of 
large wildfires are already apparent in the American Southwest 
(Dennison et al., 2014).

Globally, wildfires are a significant source of greenhouse gasses and 
aerosol emissions (Seiler and Crutzen, 1980) that impact climate, air 
quality (Wegesser et al., 2009; Larkin et al., 2010), and human health 
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(US EPA, 2019). Wildfire smoke is a complex mixture of particle pol
lutants that have a variety of adverse health effects, such as increased 
susceptibility to respiratory diseases and increased risk of heart attack or 
failure (US EPA, 2020). Because wildfires are projected to increase in 
frequency, severity, and extent, so too will the effects of fire emissions on 
climate and human populations. The source of wildfire emissions are fire 
fuels, the vegetation and biomass that burns in a fire. Fire fuels com
bined with heat, intensity, and residence time of fire influence the 
emissions from fire. Fire fuels (henceforth simplified to fuels) are 
inherently continuous (Keane, 2015) and contribute to a large portion of 
the uncertainty in fire emissions estimates due to errors in the repre
sentations of fuel properties and their variability (French et al., 2004; 
Ottmar, 2014; Prichard et al., 2019; Kennedy et al., 2020; Fortin, 2021). 
Fuels influence the type of combustion that occurs and subsequently the 
chemical composition of smoke (Urbanski et al., 2011; McKenzie et al., 
2014). The composition of fire emissions is influenced by the properties 
and characteristics of fuels alongside fire behavior (Christian et al., 
2003).

The common approach to modeling wildfire emissions uses static, 
categorically homogenous fuels information. These homogenous fuel 
representations do not capture seasonal changes and over-simplify the 
heterogeneity of fuel type, structure, and distribution (Stavros et al., 
2018). Fire emissions estimates are reliant upon fuel consumption and 
fuels information like physical characteristics (e.g. height, cover, fuel 
loading, bulk density, etc.) and condition (e.g. moisture). Fire effects 
models, such as CONSUME (Prichard, 2007), Global Fire Emissions 
Database (GFED; Randerson et al., 2018), and CANFIRE (de Groot, 
2012) integrate fuels information—including physical character
istics—and meteorological conditions to estimate fuel loads, consump
tion, and subsequently derive emissions using emission factors. Some 
studies have found as much as 80 % of the error in calculating source 
emissions may be attributed to errors in estimating fuel characteristics 
(Peterson, 1987; Larkin et al., 2012). In consumption and emissions 
models, fuels are often defined as a set of fuel properties associated with 
a categorical fuel type or fuelbed. These are further defined by dominant 
vegetation type (e.g., conifer forest, shrubland), fuel stratum (e.g. tree 
crown, understory shrubs, surface material or duff), and management/ 
disturbance history (Ottmar et al., 2007). Fuels are often represented 
this way because of existing methods for categorical remotely sensed 
fuel estimates, low spatial and temporal data resolution, and low accu
racy (Andreu et al., 2012; Gale et al., 2021; Parresol et al., 2012).

Because direct measurement and observation of fuel characteristics 
and properties are limited on the ground, remote sensing has played an 
important role in defining fuel classifications, often in combination with 
ancillary information such as insolation, slope, or aspect (Chuvieco and 
Salas, 1996) or predictive landscape modeling (e.g., LANDFIRE; Rollins, 
2009; Ryan and Opperman, 2013). Operationally used fuels datasets, 
like LANDFIRE, incorporate remote sensing data but requires expert 
knowledge to assign appropriate fuel classifications. Additionally, these 
data products may need adjustments to ensure appropriate application 
at local scales (Rollins, 2009). Many studies have produced fuel model 
and fuel type classification maps using a variety of multispectral imag
ery, lidar, and ancillary data (e.g. Mutlu et al., 2008; Marino et al., 2016; 
García et al., 2017; Domingo et al., 2020). While these maps capture 
spatial patterns, they often rely on generalized, discrete fuel classifica
tions or conceptual relationships that do not directly link fuels to fire 
effects (Gale et al., 2021). Through the use of remotely measured fuel 
characteristics rather than classifications, it is possible to move away 
from standard and subjective (Keane et al., 2001) homogenous repre
sentations of fuels that contribute to error in estimating emissions 
(Stavros et al., 2018).

Remote sensing, specifically imaging spectroscopy, allows for 
improved representations of fuel characteristics due to detailed spectral 
data that detect small variations in spectral reflectance between fuel 
types (Roberts et al., 2006; Lasaponara et al., 2006; Veraverbeke et al., 
2018). Imaging spectroscopy data can advance our ability to map fuel 

characteristics through direct, continuous, and variable estimates of key 
vegetation traits and biochemical properties that replace coarse and 
uniform representations of fuels. Due to known wavelength associated 
biochemical absorption features (Curran, 1989; Curran et al., 1992; 
Fourty et al., 1996; Curran et al., 2001), vegetation traits that influence 
processes that are related to photosynthesis and primary productivity, 
nutrient cycling, and even litter decomposition, can be mapped with 
imaging spectroscopy (Evans, 1989; Reich et al., 1997; Wright et al., 
2004; Cornwell et al., 2008). These vegetation traits and biochemical 
properties include canopy moisture (Serrano et al., 2000), leaf mass 
(Leaf Area Index; LAI, Roberts et al., 2004, Leaf Mass per Area: LMA, 
Singh et al., 2015), and foliar functional traits like canopy nitrogen 
content (Martin et al., 2008), lignin, and carbon. Imaging spectroscopy 
data can additionally be used to quantify vegetation condition through 
estimates of fractional cover of green or photosynthetic vegetation, non- 
photosynthetic vegetation, substrate, and ash and char on a sub-pixel 
level (Roberts et al., 1998).

Similarly, continuous structural attributes, such as canopy bulk 
density, crown base height, and crown volume can be mapped at a fine 
scale using Light Detection and Ranging (lidar: Falkowski et al., 2006, 
2009; Wulder et al., 2012; Hudak et al., 2020; Mauro et al., 2021). 
Airborne imaging spectroscopy and lidar sensors provide complemen
tary fuels information and are mature remote sensing technologies that 
have consistently demonstrated utility for observations of vegetation 
and ecosystem functioning (NRC Decadal Survey, 2018; Gale et al., 
2021). Together with fire emissions models, these remote sensing 
techniques offer the potential to improve our ability to quantify fuel 
characteristics and their spatial variability that can reduce uncertainty 
in fire emissions estimates.

Methods to continuously quantify fuel characteristics for fire effects 
modeling and estimates using hyperspectral data have not been fully 
explored; especially methods that capture spatial and temporal vari
ability appropriately (Stavros et al., 2018). Accurate estimates of fire 
emissions are critical to assess air quality, continental and global carbon 
fluxes, and the influence of fire on climate. Better representations of pre- 
fire fuels are the first step.

Our objective is to evaluate the potential for using imaging spec
troscopy and lidar data to model, continuously map, and quantify un
certainty of pre-fire fuel characteristics that can be used for fire 
consumption and emissions modeling. We develop physical fuel char
acteristic models at multiple study sites for a wildfire and prescribed 
(Rx) crown fires studied for smoke emissions, apply the models to 
continuously map fuel characteristics where a fire burns, and evaluate 
and quantify uncertainty through the modeling and mapping process.

2. Materials and methods

2.1. Study sites

A large wildfire in eastern Washington state and three stand- 
replacing prescribed crown fires in southern Utah were used in this 
study characterizing fuels for estimating fire emissions (Fig. 1). Fire 
emissions can be estimated from both wildfires and Rx fires, so this study 
includes both classes of wildland fires that met the objectives of two 
large fire campaigns: the Fire Influence on Regional to global Environ
ments and Air Quality (FIREX-AQ) campaign jointly led by NASA and 
NOAA, and the Fire and Smoke Model Evaluation Experiment (FASMEE) 
led by the U.S. Forest Service. Both campaigns prioritized data collec
tions on these fires in large part because there was existing (e.g., pre- 
fire) lidar available for the characterization of pre-fire vegetation and 
fuels that could complement the suite of data collected by the collabo
rating campaigns. Airborne and field data describing fuels were 
collected through FIREX-AQ and FASMEE and used in this study.

2.1.1. Williams Flats fire
The 17,987 ha Williams Flats (WF) wildfire was ignited by lightning 
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on 2 August 2019 on land of the Confederated Colville Tribe near Keller 
Washington (Fig. 1). FIREX-AQ collected hyperspectral imagery of the 
active fire areas on 6–8 August 2019 from an ER-2 aircraft at high 
altitude. FASMEE collected tree, vegetation, and fuel measurements in 
20 field plots in September 2019, the month after the wildfire, across 
burn severity conditions ranging from unburned to high severity and 
vegetation ranging from sagebrush scrub to ponderosa pine forest and 
mixed conifer forest. Because this was a wildfire, all field plots were 
installed post-fire based on a stratified random design to sample across 
the major vegetation types (as indicated by LANDFIRE Existing Vege
tation Types) and burn severity classes (High, Moderate, Low, and Un
burned as indicated by classified dNBR) across the post-fire landscape, 
but within a practical distance of drivable roads. Unburned plots were 
sampled in unburned islands or just outside the wildfire perimeter 
(Fig. 1) and served as a proxy for pre-fire fuel conditions.

2.1.2. Monroe Mountain prescribed fires
Three Rx fires intended as high intensity, stand-replacement fires 

were carried out on the Monroe Mountain (MM) unit of Fishlake Na
tional Forest in southern Utah between June 2019 and November 2020 
(Fig. 1) for FASMEE. The Manning Creek Rx fire occurred on 20 June 
2019 and burned 445 ha. On 7 November 2019, the Langdon Mountain 
Rx fire was carried out and burned 405 ha. Almost one year later, 5 

November 2020, the Annabella Reservoir Rx fire burned 304 ha. FIREX- 
AQ flew the ER-2 aircraft with the hyperspectral sensor over MM on 21 
August 2019 at high altitude, capturing post-fire fuel conditions on the 
Manning Creek burn and pre-fire fuel conditions on the upcoming 
Langdon Mountain and Annabella Reservoir burns. FASMEE measured 
fuels before and after the Rx burns in clustered field plots systematically 
laid out from a random starting point, within the prevailing forest types 
of subalpine fir and mature aspen encroached by subalpine fir.

2.2. Data sets

This study employed passive and active remotely sensed data to 
model and map pre-fire fuel traits where fire occurred. Ground mea
surements from fuel source characterization plots provided essential 
ground reference information on fuel characteristics and condition. 
Other ancillary remotely sensed data were used, such as multispectral 
imagery and topographic variables derived from digital elevation 
models, to fill in data gaps and characterize variability in the study 
landscapes. All gridded and raster-based data were processed using the 
raster and terra R packages (Hijmans, 2023a, 2023b).

2.2.1. Imaging spectroscopy
Airborne imaging spectroscopy data were available for each fire 

Fig. 1. Locations of a wildfire in Washington, USA and three prescribed (Rx) burns on Monroe Mountain in Fishlake National Forest in Utah, USA. The AVIRIS 
flightline coverage is shown on the maps on the left, and the lidar coverage extent and field sample plot locations are shown on the right.
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(Fig. 1), from the Airborne Visible/Infrared Imaging Spectrometer 
Classic sensor (AVIRIS-Classic; Green et al., 1998). AVIRIS-C data were 
collected and provided by the NASA Jet Propulsion Laboratory for the 
FIREX-AQ and FASMEE campaigns. The AVIRIS-C imagery used in this 
study were collected before, during, or after fire and contained data gaps 
over the fire extent due to various constraints driven by fire activity, 
smoke, and planned flightlines. Images used in this analysis were 
selected and subset to areas that were smoke-free and reasonably close 
to the fire. Based on proximity, we assume unburned vegetation just 
outside the fire perimeter was similar to pre-fire vegetation inside the 
perimeter. All images were collected at approximately a 15-m spatial 
resolution. Three images collected during active fire were selected for 
model development at the WF Fire and two images for the MM Rx fires 
(Fig. 1).

The AVIRIS-C sensor is an airborne imaging spectrometer that sam
ples 224 bands at an interval of 10 nm from 350 to 2500 nm (Green 
et al., 1998). Standard image products for the AVIRIS-C sensor were 
provided by NASA Jet Propulsion Laboratory including a topographic 
and bidirectional reflectance distribution function (BRDF) corrected 
surface reflectance product, equivalent water thickness, and partial least 
squares derived foliar functional traits (ex. carbon, nitrogen, lignin) 
using models from Wang et al., 2020. Poor quality bands, either in the 
UV, near 2500 nm, or located within strong water vapor absorption 
bands were removed, resulting in a 185-band subset. For comparability, 
images at both study sites were processed in the same manner.

2.2.2. Multispectral imagery
The subset areas for each study site were selected to cover the entire 

burn perimeter of the fire(s) and the AVIRIS flightlines. The Sentinel-2 
imagery covered the subset area and the raster grid was used as the 
spatial reference for all other data and defined the spatial resolution of 
the modeled fuels. Multispectral imagery from ESA Sentinel-2 was used 
to fill spatial data gaps in the chemical trait and fractional cover maps 
derived from AVIRIS-C imagery over the entire burned area for the WF 
fire and portions of the MM Rx fires.

For the WF Fire, significant cloud cover was present in the pre-fire 
Sentinel-2 imagery for several collections prior to the fire. To obtain 
cloud-free imagery, five images were selected (four pre-fire and one 
during fire) to create a composite image using the median pixel value 
from the five images, allowing for the extremes of clouds or cloud 
shadows to be excluded from the composite image. The image dates 
selected for this fire ranged from 30 May 2019 to 18 August 2019. The 
goal was to obtain an image that could represent the pre-fire vegetation 
with no cloud cover (Fig. 2). A pre-fire composite image was used for the 
MM Rx fires due to cloud and snow cover before the Manning Creek Rx 
fire. Image dates selected for this composite ranged from 12 June 2018 
to 7 June 2019.

Additionally, images were used to derive dNBR (Key and Benson, 
2006). The post fire image used to calculate WF dNBR was from 2 
September 2019. The post-fire image for the Manning Creek Rx fire is 
from 27 June 2019. The other pre-fire images were from 25 October 
2019 and 24 October 2020 for Langdon Mountain and Annabella 

Fig. 2. Five images used to create a cloud free pre-fire mean composite Sentinel-2 image at the Williams Flats Fire location. Four pre-fire images and one mid-fire 
were used to create the composite due to incomplete coverage of the burn location immediately pre-fire.
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Reservoir respectively. The fall Rx fires (Langdon Mountain and Anna
bella Reservoir) were planned to be close to potential precipitation 
events so the first post-fire images as close in time to post-fire with no 
clouds or snow used to calculate dNBR were 7 May 2020 and 11 June 
2021.

The Sentinel-2 Level-2A bottom of atmosphere corrected imagery 
product was used in this analysis. Sentinel-2, in particular, was selected 
because it has a greater number of bands than Landsat to produce a 
relationship to map hyperspectral derived variables and a higher spatial 
resolution to map pre-fire fuel traits at a finer scale. Ten bands in the 
visible to shortwave infrared portion of the spectrum were used for this 
study. The red, green, blue, and NIR bands were aggregated using a 
simple mean from 10-m resolution to match the 20-m resolution of the 
remaining bands. The bands excluded from this analysis were the coastal 
aerosol, water vapor, and SWIR—cirrus 60-m bands. Pre-fire images 
were selected and used to best model pre-fire fuels. The Sentinel-2 im
agery were processed using the R raster package (Hijmans, 2023a).

2.2.3. Light detection and ranging
The lidar signal can penetrate the canopy and provide high- 

resolution three-dimensional structure information throughout vegeta
tion and fuel strata. Discrete multi-return lidar data were collected pre- 
and post- fire for both study sites. The point cloud data for the MM Rx 
fires were processed using the lidR (Roussel et al., 2020) package in R 
statistical software (R Core Team, 2023). The point cloud was height 
normalized using the normalize_height function and the k-nearest 
neighbor inverse distance weighting (knnidw) algorithm applied to the 
vendor provided digital elevation model, which removes the influence 
of terrain and allows for comparison of above ground measurements 
across the dataset. The lidar data for the WF fire were processed and 
identical metrics provided by the Confederated Colville Tribe.

Plot-level lidar metrics were calculated using the point cloud located 
within an 8-m radius of each plot center, to match the radius used in 
field data collection (McCarley et al., 2022). Plot-level metrics were used 
to train predictive models fit to response variables calculated from the 
field plot measurements. Gridded metrics were calculated to apply the 
predictive fuel characteristic models to produce continuous maps at 
each fire location. Descriptions of the metrics used in this study are 
provided in Supplemental Table 1 (Table S1). For both locations, stan
dard vegetation metrics, using first returns for height metrics and all 
returns for density metrics, were computed using the height normalized 
point cloud for the canopy and understory. The gridded metrics were 
calculated at a 20-m resolution (Table S1).

For the WF Fire, the pre-fire lidar data were collected in 2014 (i.e., 
pre-fire) at a pulse density over 7 pulses/m2. The post-fire lidar were 
collected two weeks after the fire. Due to the timing of the field data 
collection, the plot-level metrics used to train the models were generated 
from lidar collected two weeks post-fire and applied to the pre-fire 
gridded lidar metrics for mapping. The lidar metrics calculated for the 
WF Fire included canopy and understory metrics, including density 
(Woods et al., 2008), canopy cover, 95th percentile height, 50th 
percentile height of returns greater than two meters and standard de
viation of the returns greater than two meters. The understory metrics 
included average height, 25th percentile height, 10th percentile height, 
and 50th percentile height of returns less than two meters. For the MM 
Rx fires, pre-fire lidar data were collected in leaf-on, snow-free condi
tions between 27 August 2016 and 11 September 2016. The pulse 
density averaged greater than 8 pulses/m2.

2.2.4. Ground-based fuels measurements
Field measurements for fuel characterization were collected and 

provided by the USFS for both WF and MM.
As the WF Fire was a wildfire, field data were collected immediately 

after the fire from 20 to 22 September 2019 in burned and unburned 
areas of the fire extent (Hudak et al., in review). In total, 20 plots were 
collected with nine out of the total 20 being covered by AVIRIS 

flightlines (Fig. 1). The field sampling protocol was to collect in areas of 
dominant LANDFIRE Existing Vegetation Types with a minimum 30 m 
spacing between plots. Measurements for the fuels and ground fuels 
were collected along 15-m transects and for all trees within an 8-m 
radius of the plot center. Ground fuels measurements were recorded at 
0, 6, 9, and 15 m. Because each plot center and 15-m transect was within 
the size of a single 20-m pixel, the transect measurements were averaged 
to provide a single plot value for each measurement for use alongside the 
gridded data. Six source characterization measurements were used in 
this study, including canopy top height, height to live canopy, crown 
base height, diameter at breast height, litter depth, and duff depth. One 
of the field plots (plot 3; burned) was excluded from this analysis 
because the measures were anomalously high for the canopy charac
teristics and caused inverted fuel model predictions. As well, only 18 of 
the 20 available plots contained canopy fuel characteristic measure
ments, so the canopy characteristic predictive models were developed 
using 17 field plots, 16 for height to live canopy, with the remaining 
characteristics developed using data from 19 field plots.

Field measurements were collected pre burn at all three Rx fires on 
MM (Eagle et al., 2024). A total of 125 plots were collected from across 
the three burns with 40 plots at the Manning Creek Rx burn, 25 plots at 
the Langdon Mountain Rx burn, and 60 plots at the Annabella Reservoir 
Rx burn. Because these were Rx fires, 60 of the plots were sampled 
before and after the burn. All plots for the Langdon Mountain and 
Annabella Reservoir burns are covered pre-burn by AVIRIS imagery 
while the AVIRIS imagery at Manning Creek includes cloud shadows and 
burned landscape for all plot locations. The number of plot measure
ments ranged from 40 to 125 plots depending on the fuel characteristic. 
The fuel measurement protocol was similar to WF but the plots were 
spaced 20.12 m (or 66 ft) apart and were selected for all plots to be 
within the same vegetation community. Measurements from the forest 
floor were collected between the plot centers located 10 m (33 ft) from 
plot center in the direction of the next plot center. Overstory data were 
collected for every other plot. Six source characterization measurements 
were used in this study. The measures included canopy top height, 
height to live canopy, crown base height, diameter at breast height, litter 
depth, and duff depth.

Plot-level measurements of fuel characteristics can be scaled to the 
landscape level as a continuous output through modeling (Pierce et al., 
2012). The field plot data are essential to this study because it is 
necessary to use them to generate a model that produces continuous fuel 
characteristic maps. Field plot measurements were collected in all major 
fuels strata, which may allow for more accurate consumption and 
emissions estimates. For use with gridded remotely sensed data, the plot 
measurements were averaged over the plot area.

2.2.5. Ancillary data
Digital elevation model (DEM) data from the U.S. Geological Survey 

National Map 3DEP collection were used in this study as additional data 
to model and map pre-fire fuels. Slope and aspect data are helpful for 
defining fuels because they are related to vegetation composition, 
structure, abundance and distribution. 1/3-arc sec DEM data were 
retrieved from USGS National Map and subset, projected, and aggre
gated to the same grid and extent as the Sentinel-2 multispectral im
agery. The data were processed to retrieve slope and aspect from the 
DEM. The aspect data were transformed into the Topographic Solar- 
Radiation Aspect Index (TRASP) where aspect ranges from zero to one 
(Roberts and Cooper, 1989). The TRASP scale represents the coldest and 
wettest aspect of zero to the warmest and driest aspect at one. The 
TRASP transformation allowed for the use of aspect recorded in planar 
coordinates, linearizing it to make it compatible with the other 
explanatory variables used for predictive modeling. National Agricul
ture Imagery Program (USDA NAIP) aerial imagery and Worldview-2 
imagery were used for visual reference alongside the AVIRIS topo/ 
BRDF product. The NAIP imagery collected at each study site has a 
spatial resolution of 0.6-m and Worldview-2 has a spatial resolution of 
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0.5-m panchromatic and 2-m multispectral.

2.3. Methodology

The methods include three steps (Figure S1): 

i. derive fractional cover and estimate AVIRIS fuel trait data over 
the extent of the fires;

ii. build fuel characteristic models with AVIRIS (and estimated 
AVIRIS), lidar, and ancillary data related to ground fuel charac
teristic measurements;

iii. apply fuel characteristic models to the predictor data to derive 
continuous fuel characteristic maps.

2.3.1. AVIRIS fuel trait modeling and fractional cover
Spectral library building for fractional cover.
For this study, Multiple Endmember Spectral Mixture Analysis 

(MESMA; Roberts et al., 1998) was used to estimate fractional cover of 
green vegetation (GV), non-photosynthetic vegetation (NPV), and sub
strate (soil) over the burn scar. MESMA was used to identify the cover 
composition of a pixel by decomposing the observed spectral signature 
into pure reference spectra. Pure reference spectra are known as end
members and are combined in a spectral library for application in 
MESMA. Multiple endmembers within the same classes included in the 
spectral library are used to decompose the observed spectra and esti
mate the fractional cover in each pixel in an image. MESMA is a variant 
of spectral mixture analysis in which the number and types of end
members are allowed to vary on a per-pixel basis.

The endmember spectra used in the study spectral library are ho
mogenous cover materials of GV, NPV, and soil. A spectral library was 
developed specifically for the WF Fire and for the MM prescribed burns 
using image-collected and field-collected spectra. NAIP and Worldview- 
2 were used to locate areas of homogenous cover that match the 
approximately 15- to 16-m resolution of AVIRIS imagery. Branch-scale 
field collected spectra from a field-collected spectral library from 
Washington state were also included to supplement the non- 
photosynthetic vegetation and soil classes (Roberts et al., 2004).

All collected spectra were included in a library that was optimized to 
create a subset that provides optimal separability between classes, while 
also capturing the within-class variability of each class. Based on prior 
analysis by Tane et al. (2018), endmembers were optimized based on the 
metrics of Endmember Average Root mean square error (EAR, Dennison 
and Roberts, 2003), Minimum Average Spectral Angle (MASA; Dennison 
et al., 2004), and Count Based endmember selection (CoB; Roberts et al., 
2003). The EAR metric is based on root mean square error (RMSE) of the 
spectra where the optimum spectrum has the lowest average RMSE. The 
MASA metric is based on spectral angle where the spectral angle be
tween each endmember spectrum and the other endmembers in the li
brary is calculated. The lowest average spectral angle represents the best 
MASA candidate endmember. The CoB optimization metric selects 
endmembers for each class based on the spectrum that models the most 
spectra within the same class (Roberts et al., 2003).

After optimization, the resulting spectral library used for the WF Fire 
included 11 char, 9 GV, 10 NPV, and 7 soil endmember spectra. One GV 
and five NPV endmembers were included from the Roberts et al. field 
collected library (Roberts et al., 2004), and the rest were collected from 
the topo/BRDF AVIRIS imagery. The resulting library used for the MM 
Rx fires was developed with the same process and included 9 char, 10 
GV, 8 NPV, and 4 soil endmember spectra. All 8 NPV endmembers were 
included from the Roberts et al. western U.S. field collected library 
(Roberts et al., 1993, 2004, 2006).

Spectral unmixing to derive fractional cover.
MESMA was run for all models with up to five endmember models 

using Viper Tools version 2.1 (Roberts et al., 2019) ENVI (Harris Geo
spatial Solutions, Broomfield, CO, USA) extension. The AVIRIS topo/ 

BRDF images were unmixed with the optimized spectral library. Addi
tionally, for areas not covered by the AVIRIS imagery, we convolved the 
spectral libraries to unmix the Sentinel-2 imagery. The possible models 
for each pixel were set to include two to four endmembers from different 
functional classes, including shade for the images unmixed without char 
fractions and burn scar, and two to five models for the images that 
included partial burn scar. The settings selected for running MESMA 
include a minimum allowable endmember fraction of 0.00 and a 
maximum of 1.00. The minimum allowable shade fraction was set to 
0.00 and the maximum was set to 0.8. The maximum allowable RMSE 
was 0.025 and the multiple-level fusion RMS threshold was 0.007. After 
running MESMA, the unmixed fraction images were shade normalized 
where surface material abundance is estimated without the influence of 
shade (Adams et al., 1993).

Fuel trait modeling.
Due to data gaps in the spatial coverage of the available AVIRIS 

imagery, Random Forests (Breiman, 2001) regression was used to esti
mate pre-fire AVIRIS plant chemical traits. The candidate predictor 
variables included all Sentinel-2 multispectral bands listed, alongside 
elevation, aspect, and slope data, with each AVIRIS fuel trait as the 
response variable for the Random Forests regression. Random Forests 
regression was selected as the method for modeling these data because it 
is a non-parametric method that accommodates the distributions of 
vegetation trait data and produces a continuous model that does not 
extrapolate beyond the range of values in the training data (Breiman, 
2001). Random Forests regression is a supervised machine learning al
gorithm that uses an ensemble of trees representing various regressions 
with a randomly selected predictors at each node of the tree. By devel
oping the ensemble in this way, Random Forests is robust to noise or 
outliers (Breiman, 2001). Predictive models of AVIRIS chemical traits 
were trained using a random spatial sampling of 1000 points for each 
model. To obtain a sample that represented pre-fire vegetation, the 
sampled area excluded burn, active fire, water (lakes, reservoirs, rivers), 
clouds, or cloud shadows. A total of five models were produced for the 
traits of equivalent water thickness, carbon, leaf mass per area, lignin, 
and nitrogen. The models were developed in R statistical software (R 
Core Team, 2023) using the randomForest and raster packages (Liaw 
and Wiener, 2002; Hijmans, 2023a). Regression models were selected 
with “rf.modelSel” from the rfUtilities package (Evans and Murphy, 
2019). The hyperparameters selected to build each regression model 
was with 500 trees (ntree = 500) and four variables tried at each split 
determined by the total number of candidate predictor variables divided 
by three (p/3). The predictive models were assessed by implementing a 
permutation test cross-validation with “rf.crossValidation” from the 
same R package. The models were then applied to derive maps of AVIRIS 
chemical traits and equivalent water thickness covering the burn areas.

2.3.2. Model building and performance
Partial least squares regression (PLSR) was selected to model 

spatially continuous heterogenous fuel characteristics. PLSR models 
were developed for each fuel characteristic at each study site. PLSR is 
often used for prediction and mapping of biophysical variables using a 
combination of field data and imaging spectroscopy data (Serbin et al., 
2014; Singh et al., 2015). The models were built using in situ fuel 
characteristics as the response variables and chemical traits, fractional 
cover estimates, canopy and understory lidar metrics, Sentinel-2 spectra, 
and topographic data as predictor variables (Fig. 3; Table S1 and S2). A 
commonly reported reason for selecting PLSR is because it is a technique 
that can incorporate data with high dimensionality and collinearity 
(Höskuldsson, 1988; Garthwaite, 1994) inherent in remotely sensed and 
especially spectroscopy data (Wold et al., 2001). PLSR produces com
ponents, that maximize covariance between predictor and response 
variables (Wold et al., 2001) rather than directly utilizing the precise 
numerical values of the predictors. We determined the optimal number 
of components, with 200 jack-knifed splits of the data, by minimizing 
the root mean square error (RMSE) of the predicted residual sum of 
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squares (PRESS) statistic (Wold et al., 2001) with no significant 
improvement in RMSE of the following components using a t-test (Serbin 
et al., 2014). Following PLSR based approaches like Singh et al. (2015)
and Wang et al. (2020), the data for each fuel characteristic were 
separated into calibration and validation sets with a 70/30 % split. The 
calibration data were further permuted to build 200 separate PLSR 
models using 70 % of the calibration data to train the model for each 
permutation. The resulting 200 PLSR models were applied to calculate 
mean and standard deviation of the predictions for each fuel charac
teristic. Using averaged predictions of the PLSR models enables esti
mates of uncertainty at a pixel scale. We used the coefficient of 
determination (R2) and root mean square error (RMSE) of the calibra
tion and validation sets to assess model performance. Additionally, we 
range normalized the RMSE (NRMSE) to compare error between all fuel 
characteristic models and separated RMSE into systematic and unsys
tematic error (RMSEs and RMSEu respectively).

To understand the contribution and importance of each predictor 
variable used in the fuel characteristic models, we use the mean stan
dardized coefficients from the 200 PLSR models alongside Variable In
fluence on Projection (VIP). VIP is a summary value of the importance of 
a predictor variable for both the predictor and response variables (Wold 
et al., 2001).

2.3.3. Fuel characteristic mapping
The 200 PLSR models were applied to each fire location to produce 

predicted mean and uncertainty (standard deviation) maps of each fuel 
characteristic. To ensure the predictions are reasonable given the 
training data, we evaluated map confidence as a percentage of the mean 
predictions of each fuel characteristic that fell within a reasonable range 
of values. The range of values is the range of field collected data with 
bounds of 25 % beyond the minimum and maximum values in the field 
measurements (Verrelst et al., 2016; Wang et al., 2020). To identify the 
pixels and spatial patterns of the high confidence predictions, we 
generated binary masks to indicate the location of high confidence 
predictions for each fuel characteristic. The suite of fuel characteristics 
we present would likely be used concurrently to model fire effects such 
as smoke emissions. Thus, the masks were also considered concurrently 
to identify the locations and number of fuel characteristics with high 
confidence values. We summed the masks of high confidence for each 
fuel characteristic to create high confidence fuel characteristic 

agreement maps that show the number of fuel characteristics with high 
confidence values for any pixel and indicate locations where concurrent 
use of the fuel characteristics have high confidence for analysis of fire 
effects. We then compared dNBR and lidar-derived fuel consumption 
maps with the agreement map to evaluate if the estimates generated by 
the fuel characteristic models are confident where fire effects occur. 
Thus, the models can produce maps of fuel characteristics that could be 
spatially and concurrently meaningful in the context of fire effects 
modeling.

3. Results

3.1. Fuel trait RF model performance

The performance statistics for the Random Forests regression esti
mated foliar function trait maps are shown in supplementary materials 
and summarized in Table S3. The median permuted R2 values from the 
cross validation for all chemical traits ranged between 0.53 and 0.78 for 
the WF Fire and 0.45 and 0.65 for the MM Rx fires. The NRMSE values 
were all at or below 20 % with a range of 17 % and 19.8 % for the MM Rx 
burns and 8.2 % to 19.9 % for the WF Fire. The NRMSE values were 
relatively comparable between models for each trait and for each loca
tion. The models with a larger difference in NRMSE between locations 
were equivalent water thickness and carbon, which had lower NRMSE 
values for models developed at the WF location. Percent bias for all 
models and locations except for equivalent water thickness for MM was 
1 % or under but overall low. This indicates there is no particular ten
dency for the modeled values to be greater or less than the observed 
values.

3.2. Fuel characteristic PLSR model performance

The performance statistics for the models developed using the WF 
Fire data are shown in Table 1 and Fig. 4 and the model scatterplots are 
in Figure S2. The calibration R2 values for the models ranged from 0.167 
to 0.664. Calibration NRMSE was more varied and ranged from 12.42 % 
to 29.12 %. The validation R2 values ranged from 0.05 to 0.75 with 
NRMSE values that ranged from 7.43 % to 49.83 %. The ground fuel 
characteristics of litter depth and duff depth performed very poorly in 
validation with R2 values of 0.22 and 0.05 and NRMSE of 35.05 % and 

Fig. 3. Variables used to predict for fuel characteristics with partial least squares regression (PLSR). The model is then applied to the same data to map pre-fire fuel 
characteristics. Maps of standard deviation of the model estimates that represent uncertainty are also produced and masks of high confidence fuel characteristic 
values that are combined for all characteristics to show the spatial distribution of a high confidence agreement of fuel characteristic estimates.
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49.83 % respectively. This is likely due to the timing of field data 
collection and generally lower duff and litter depth values in this region. 
Validation statistics for canopy related fuel characteristics were better 
and ranged from 0.57 to 0.75 alongside NRMSE that ranged from 7.43 % 
to 16.91 %. Validation systematic RMSEs were higher than unsystematic 
RMSEu for all models except height to live canopy and diameter at 
breast height, indicating systematic error that is not random and is likely 
due to the respective model and data. However, the low sample sizes for 
calibration and validation likely contribute to the magnitude of error in 
the models. The average difference between calibration and validation 
R2 values for canopy related characteristics is 0.068 with 5.80 % dif
ference in NRMSE. For ground fuel characteristics the R2 difference is 
0.064 and 20.47 % NRMSE.

The fuel characteristic model performance statistics for the MM Rx 
fires are shown in Table 2 and Fig. 4. The calibration R2 values for all 
traits ranged between 0.37 and 0.72. Calibration NRMSE values ranged 
between 10.81 % and 18.22 %. Validation R2 values ranged between 
0.35 and 0.63 with NRMSE values between 12.67 % and 21.99 %. The 
validation accuracy is moderate with NRMSE values around or below 20 
%. Predictive accuracy was best for top height with a higher calibration 
R2 value of 0.72 alongside 11.09 % NRMSE and a validation R2 value of 
0.56 with NRMSE of 14.76 %. Generally, the performance statistics from 
training to validation were relatively stable for most models developed 
using the MM Rx fuels data. This is exemplified by an average difference 
between calibration and validation R2 of 0.103 and NRMSE of 4.55 %.

The calibration and validation unsystematic error (RMSEu) values 
were higher for canopy top height, litter depth, diameter at breast 
height, and crown base height. This indicates that errors in model pre
diction are likely not systematic (model) errors, but rather random. 
Height to live canopy has a higher calibration RMSEu value than the 
RMSEs, but both height to live canopy and duff depth have validation 
RMSEs values that are higher than the corresponding RMSEu, indicating 
that the error is more likely due to systematic model error.

For all models at both locations, the optimum number of components 
used to build the model remained low, an expected behavior of PLSR 
models (Ahn and Bae, 2022), and ranged from 2 to 5.

for the MM Rx fire fuel characteristic models and 2 to 6 for the WF 
Fire models. Standardized model coefficients by variable are shown in 
Fig. 5 and variable influence on projection (VIP) values by variable are 
shown in Fig. 6.

3.3. Fuel characteristic maps and map confidence

Fuel characteristic maps for all fuel characteristics and burn loca
tions are provided in Figure S3 and the associated standard deviation 
uncertainty maps are provided in Figure S4. Trait maps for the Anna
bella Reservoir fire location and the associated MM performance scat
terplots are shown in Fig. 7. The fuel characteristics with the greatest 
uncertainty in predictions (Figure S4) are the ground characteristics of 
litter and duff depth (Fig. 7). The area of the fuel characteristic maps 
with high confidence values ranged from 76.36 % to 92.44 % for WF Fire 
and above 94.5 % for all characteristics for the MM Rx fires (Table 3). 
The areas with the greatest overlap, or agreement, of high confidence 
fuel characteristics are not proportional as all fuel characteristic maps 
have a high percentage of high confidence values (Table 3) and thus 
greater agreement amongst all traits. As well, when compared to a map 
of burn severity using the differenced Normalized Burn Severity index 
(dNBR), the areas with the most agreement of fuel characteristics with 
high confidence also covered the greatest range of burn severity classes 
(Fig. 8; Figure S5). In turn, the areas with the least agreement covered 
the lowest range of burn severity classes. When compared to lidar 
derived total fuel consumption maps (McCarley et al., 2024), we also see 
the areas with the most agreement covered the greatest range of fuel 
consumption for MM Rx fires. The WF Fire covers a large range in 
consumption values for areas with agreement amongst all fuel charac
teristics but areas of less agreement (four fuel characteristics) cover the 
greatest range of fuel consumption values (Fig. 9; Figure S6). The same 
holds true that areas with the least fuel characteristic agreement cover 
areas with lower fuel consumption.

4. Discussion

We developed a methodology to provide spatially heterogenous 
continuous fuel characteristic maps with uncertainty using imaging 
spectroscopy and lidar data by calibrating and validating PLSR models 
using field measures of fuels. We demonstrate imaging spectroscopy 
paired with lidar is capable of consistently and accurately capturing 
spatial variability in pre-fire fuel characteristics that are necessary for 
relating fuels to fire emissions. The framework for employing imaging 
spectroscopy and lidar data produced consistent results and error when 
applied to multiple scenes for both wildfires and Rx crown fires.

Table 1 
Summary statistics of the Williams Flats Wildfire fuel characteristic model means developed using PLSR with imaging spectroscopy and LiDAR data.

Williams flats wildfire fuel characteristics

Litter Depth (mm) Duff Depth (mm) DBH (cm) CBH (m) Height (m) Height to LC (m)

Training

min 0.25 0 14 0.23 6.9 1.7
max 30.75 112 46.1 9.48 36.2 15.06

mean 8.40 18.85 28.38 2.69 18.68 6.97
SD 10.85 35.74 12.10 2.50 8.44 3.80
N 17 17 17 17 17 16

cal 12 12 12 12 12 11
val 5 5 5 5 5 5

train % 71 71 71 71 71 69
ncomp 2 3 3 3 4 6

Calibration

R2 0.21 0.17 0.56 0.61 0.66 0.59
RMSE 8.88 16.60 7.15 1.42 3.64 2.58

bias 2.91 − 5.68 − 3.22 − 0.28 − 1.34 0.26
NRMSE 29.12 14.82 22.26 15.37 12.42 19.29
RMSEu 4.46 15.46 4.50 1.10 3.24 1.50
RMSEs 7.68 6.04 5.55 0.90 1.66 2.09

d 0.66 0.51 0.85 0.87 0.91 0.83

Validation

R2 val 0.22 0.05 0.57 0.68 0.75 0.70
RMSE val 10.69 55.81 5.28 1.56 4.82 0.99

bias val 6.55 43.69 − 2.49 − 0.47 − 0.84 − 0.15
NRMSE val 35.05 49.83 16.44 16.91 16.44 7.43
RMSEu val 2.67 20.40 4.10 0.61 2.38 0.74
RMSEs val 10.35 51.95 3.32 1.44 4.19 0.66

d val 0.66 0.64 0.87 0.87 0.90 0.88
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Partial least squares regression using data permutation for uncer
tainty analysis has been successfully employed for mapping a variety of 
foliar functional traits with imaging spectroscopy across biomes and 
time (Singh et al., 2015; Wang et al., 2019; Wang et al., 2020; Burnett 
et al., 2021) but has not been explored to continuously map pre-fire fuel 
characteristics for fire effects modeling. To the extent of methodological 
comparison to the outcomes of those studies, we modeled and mapped 
fuel characteristics with generally consistent error, around or under 
NRMSE of 20 %, and detailed uncertainty statistics at multiple locations 
(Tables 1 & 2). NRMSE values lower than 20 % meet the requirements 
for large area mapping of foliar functional traits (Asner et al., 2015; 
Moreno-Martínez et al., 2018; Wang et al., 2020), indicating the 
methods of this study have the potential for broader application. Our 
study provides a continuous estimation of broadly applicable fuel 
characteristics with uncertainty that more directly relate to fire effects.

4.1. Interpretation of fuel characteristic models

Overall, the models indicate the fuel characteristic modeling and 
mapping methodology is capable of achieving consistent results with 
low error. The canopy related fuel characteristic models performed well. 
When compared, the calibration and validation sets resulted in similar 
error with average differences of 5.81 % and 4.61 % for all canopy fuel 
characteristics at the WF wildfire (Table 1) and MM Rx burns (Table 2) 
modeling locations respectively. Duff depth did not perform well be
tween the calibration and validation sets and between the two modeling 
locations. Litter depth had similar performance to duff depth for the WF 
wildfire but performed as well as the canopy fuel characteristic models 
for the MM Rx burns. The performance of the ground fuel characteristic 
models for WF Fire are likely explained by the limited sample size (N =
17, Table 1), which includes burned and unburned plots. The poorer 
performance of ground fuel characteristic models is consistent with 
other studies focused on ground-based fuels across a variety of 
ecosystem types (Jakubowksi et al., 2013; Bright et al., 2017; Alonso- 

Fig. 4. Model calibration and validation variance explained (R2) and normalized root mean square error (NRMSE) for both fire locations.
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Rego et al., 2021). The spatial variability of duff and duff consumption is 
not well understood and is variable at fine scales (Miyanishi, 2001; Keye 
et al., 2014). The same is true for litter and the fine scale spatial vari
ability of ground fuel characteristics such as litter and duff likely limits 
the performance of the models produced in this study. The performance 
of the litter depth model for the MM Rx burns could be attributed to the 
ground data because it was collected pre-fire. Additionally, the number 
of litter samples across three Rx burn areas of MM (N = 125) and the 
systematic plot spacing strategy could capture heterogeneity in the 
distribution more consistently.

The remote sensing model variables were selected, in part, to 
represent fuel variability using the biophysical relationships observed 
through remotely sensed data rather than operational or purely con
ceptual applications of remotely sensed data (Gale et al., 2021). The 
standardized model coefficients shown in Fig. 5 and variable influence 
on projection (VIP) values shown in Fig. 6 illustrate the remote sensing 
variables and by extension the biophysical relationships that the fuel 
characteristic models rely on. Variables from all variable groups were 
used to estimate fuel characteristics. The variables used represent 
reasonable and relevant biophysical relationships between the remote 
sensing data and the ground-based fuel characteristic measures.

For VIP values, a value of 0.8 or greater is considered to be a variable 
that is highly influential for the fuel characteristic model (Wold et al., 
2001; Burnett et al., 2021). For example, the lidar variables used by the 
ground fuels characteristic models included understory variables such as 
standard deviation of understory returns, 50th percentile of understory 
returns, and average of understory returns. Similar to Labenski et al., 
2023, we found the influential remotely sensed predictor variables for 
estimating litter and duff are those that capture canopy properties such 
as canopy lidar metrics rather than understory variables alone (Figs. 5 
and 6). The WF 10th percentile lidar height returns did not contribute to 
any models as the plot-associated values were zero or near zero. The 
same variable was not influential (VIP under 0.8) for litter and duff in 
the Rx burn models, though, understory cover, 25th, and 50th percentile 
of height returns were influential understory predictor variables for duff 
and litter for both locations. As well, canopy variables that were used 
such as density and cover and overstory correlates have been docu
mented as useful for predicting ground fuels using lidar (Bright et al., 
2017, 2022; McCarley et al., 2020; Price and Gordon, 2016; Stefanidou 
et al., 2020).

For the imaging spectroscopy variables, the nitrogen chemical trait 
was a highly influential predictor for all fuel characteristic models at 
both study sites including the canopy fuel characteristics which are 
structure-based measurements. This could be due to the role of foliar 
nitrogen as an important component for both photosynthesis and the 
structural development of plants. As well, foliar nitrogen and LMA are 
also related to decomposition of both canopy foliage and litter (Chapin 
and III., 2003; Kazakou et al., 2006; Quested et al., 2007; Santiago, 
2007). Both are considered influential for prediction in the duff depth 
models at both study sites. However, LMA is just under the influential 
value (VIP = 0.79) for the WF litter model which could also be explained 
by the smaller number of field measurements made across unburned and 
burned plots.

Fractional cover of green vegetation is consistently influential for the 
models related to canopy structure, specifically for crown base height 
and height to live canopy for both study sites. Lignin is influential for the 
duff depth models of both study sites. Lignin is resistant to decomposi
tion and this relationship may attribute to its influence in the models as 
high lignin content can lead to deeper layers of duff. Carbon content is 
an influential variable in all of the MM fuel models but only for the litter 
and duff depth models of WF. Carbon content is a trait with less natural 
variability (Singh et al., 2015) that could affect its influence in the model 
due to the trait range in the input imagery or the Random Forests 
modeling of the trait.

The overall variability in VIP values for the chemical traits between 
sites and fuel characteristics could be due to factors of plant functional 
types, site productivity, or variation in the input data. The contribution 
of the imaging spectroscopy derived variables to the fuel characteristic 
model predictions indicates known biophysical relationships and pro
cesses in vegetation. Thus, imaging spectroscopy and lidar have poten
tial for use to continuously map fuel characteristics.

Additionally, spectral variables in the vegetation red edge through 
SWIR multispectral bands were influential for all fuel characteristics. 
The visible spectral bands, however, provided less consistent influence 
on the prediction of fuel characteristics as they were not all influential 
contributors to the prediction of fuel characteristics at the WF Fire but 
were important for the MM Rx fires (RGB VIP > 0.8 for all fuel char
acteristics). The VIP plots for corresponding fuel characteristics at each 
study site do not particularly align in the areas of highest contribution to 
the prediction of those characteristics. This could be due to ecoregional 

Table 2 
Summary statistics of the Monroe Mountain Rx Burns fuel characteristic model means developed using PLSR with imaging spectroscopy and LiDAR data.

Rx Burns Fuel Characteristics

Litter Depth (mm) Duff Depth (mm) DBH (cm) CBH (m) Height (m) Height to LC (m)

Training

min 0.00 − 2.25 15.72 0.30 7.93 0.35
max 46.38 146.75 32.19 8.11 18.91 8.16

mean 14.21 54.44 21.74 4.33 12.13 5.08
SD 9.237 31.15 4.078 2.060 2.376 2.155
N 125 105 40 40 40 40

cal 88 74 28 28 28 28
val 37 31 12 12 12 12

train % 70.40 70.48 70 70 70 70
ncomp 5 3 5 2 5 3

Calibration

R2 0.66 0.37 0.71 0.52 0.72 0.69
RMSE 5.10 24.50 1.78 1.42 1.22 1.07

bias − 0.359 − 0.385 0.110 − 0.010 0.043 0.069
NRMSE 11.00 16.44 10.81 18.22 11.09 13.71
RMSEu 4.34 14.34 1.29 1.01 0.94 0.84
RMSEs 2.68 19.86 1.23 1.00 0.78 0.66

d 0.89 0.71 0.90 0.82 0.91 0.89

Validation

R2 val 0.56 0.35 0.63 0.61 0.56 0.54
RMSE val 5.88 28.10 3.25 1.23 1.62 1.72

bias val − 0.580 2.343 − 0.035 − 0.204 0.054 − 0.820
NRMSE val 12.67 18.86 19.72 15.81 14.76 21.99
RMSEu val 5.46 13.03 2.31 1.10 1.30 0.82
RMSEs val 2.16 24.90 2.29 0.56 0.97 1.51

d val 0.88 0.68 0.86 0.88 0.85 0.78
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differences or other variation captured in the field measured data.
The coefficient plots for the canopy fuel characteristic models for the 

MM Rx burns (Fig. 5) do not display a high degree of high-frequency 
variation in the standardized coefficients, which can be an indicator of 
models that are overfit (Asner et al., 2014; Burnett et al., 2021). As well, 
most of the standardized coefficients for each fuel characteristic are 
within one to two standard deviations and thus not displaying high- 
frequency variation that can point to models that could be generaliz
able at scale. However, the duff depth model, displayed a high degree of 
high-frequency variation but this could be attributed to the weaker 
performance of the duff depth models in comparison to the other fuel 
characteristic models. Due to the discrepancies between standardized 
coefficients for corresponding fuel characteristics at each fire location, it 
is unclear whether the model coefficients could be transferrable to other 
geographic and ecoregional extents. We plan to further explore this by 
applying these methods to a variety of datasets in the future.

4.2. Fuel characteristic maps

Our analysis and methodological framework is focused on capturing 
fuel variability by continuously mapping fuel characteristics across the 

landscape suitable for consumption and emissions models while 
providing a suite of uncertainty statistics that can inform the use of fuels 
data in connecting it to estimates of emissions. The model averaged fuel 
characteristic maps for the Annabella Reservoir Rx fire are shown in 
Fig. 7 and Figure S3 and the standard deviation, or uncertainty, maps are 
shown in Figure S4. The fuel characteristic maps and uncertainty maps 
provide a means to estimate fire emissions and other fire effects at the 
landscape scale.

Because the training data are relatively limited and the collection of 
that data was not specifically carried out for this analysis, there are 
extrapolated and erroneous predictions for some areas of the fuel 
characteristic maps. These areas are indicated on the uncertainty maps 
as areas with higher standard deviation values (Figure S4) but are also 
mapped through confidence maps that show the locations of fuels that 
are constrained by the empirical data (fuels with high confidence esti
mates) (Fig. 7; Figure S5). Considering the spatial gaps in the imaging 
spectroscopy data coverage, the patterns of low confidence in the 
modeled fuel characteristic estimates do not specifically align with the 
locations of the data gaps (Fig. 1). However, for the WF Fire, the maps of 
standard deviation show greater model uncertainty where there are gaps 
(Figure S4). High standard deviation values indicate greater variation 

Fig. 5. Model averaged standardized coefficient plots by model and study site. Standardized model coefficients put the model coefficients in terms of stan
dard deviation.
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Fig. 6. Model averaged Variable Influence on Projection (VIP) plots by model and study site. VIP is a summary value of the predictor variable for both the predictors 
and fuel characteristics. Values of 0.8 (dashed line) or greater indicate a variable that is highly influential for the fuel characteristic model.

Fig. 7. High confidence fuel characteristic maps for the Annabella Reservoir prescribed burn location and associated scatterplots of all prescribed burn locations on 
Monroe Mountain in Utah, USA. The Annabella Reservoir location had full coverage of the fuel characteristic ground plots and burn area with predictor variable 
imagery. Each pixel in each map represents an average of the predictions made by all PLSR models developed using permutations of the training data.
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across the iterated model predictions. Thus, the higher standard devia
tion values in the imaging spectroscopy gaps signal the influence of the 
imaging spectroscopy derived predictors and their uncertainty in the 
fuel characteristic models and maps. The notably smaller gaps in AVIRIS 
coverage for the MM Rx burns do not show the same uncertainty in 
standard deviation. When visually compared to the imagery and lidar, 
the areas that lack high confidence estimates are often where the 

vegetation do not possess the measured characteristics being modeled 
(e.g. grasses). In this case, these high confidence maps can be used as a 
mask to select and maintain only the areas with values that are 
considered high confidence. The maps of the MM Rx fires are mostly 
covered by high confidence values and the WF Fire have lower per
centages of high confidence values (Table 3). This may be because the 
WF wildfire was much larger with a greater range of fuel conditions yet 
represented by a sparser field plot sample compared to the MM Rx fires. 
On the other hand, it can also be argued that the WF field plots (collected 
in only three days) more efficiently sampled the wildfire burn area, 
whereas the clustered MM field plots may not have captured as well the 
broader, landscape-level range of fuel conditions.

When the fuel characteristic agreement maps are compared to dif
ferenced normalized burn ratio (dNBR), we see at all fires that the areas 
that did not have high fuel characteristic agreement and high confidence 
estimates covered lower severity or unburned locations (Fig. 8; 
Figure S5). When compared to total fuel consumption maps (Fig. 9; 
Figure S6), a similar pattern exists where areas of lower consumption 
cover areas with fewer high confidence estimates. Thus, areas where all 
or most fuel characteristic maps have high confidence values cover the 
greatest range of burn severity values and a large range of fuel con
sumption. The MM Rx fires were crown fires lit by a helitorch which 
resulted in more homogenously severe fire effects across similar 

Table 3 
Percent of map with high confidence values for each fuel characteristic map by 
fire. High confidence values are calculated as the range of field collected data 
with bounds of 25 % beyond the minimum and maximum values.

Fuel Characteristic

Litter 
Depth

Duff 
Depth

DBH CBH Height Height 
to LC

Fire

Williams 
Flats 92.44 83.53 84.87 76.36 83.52 79.90

Annabella 98.10 97.82 99.79 98.41 98.44 97.51
Manning 98.66 95.58 99.64 98.69 94.50 97.18
Langdon 98.81 96.32 99.91 98.96 98.12 97.32

All Monroe 
Mtn 97.29 92.43 99.55 97.52 93.12 94.58

Fig. 8. Maps of the spatial distribution of high confidence fuel characteristic predictions (a) and the differenced normalized burn ratio burn severity map (b) as a 
guide for the associated boxplot distribution of differenced normalized burn ratio (dNBR) values for each level of agreement (c). The dNBR map was produced using 
pre- and post-fire NBR generated using Sentinel-2. The areas with the greatest number of traits with high confidence values capture the greatest range and levels of 
burn severity indicating meaningful use of the fuel characteristic maps for emissions estimates. Values 0–6 indicate the number of fuel characteristics that are 
considered to have high confidence predictions meaning within a reasonable range of the measured values.
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vegetation. Therefore, a much larger proportion of the MM Rx crown 
fires burned at high severity than the mixed severity patterns observed 
at the WF wildfire. For the MM Rx fires, the comparison of the agree
ment maps with dNBR and consumption represent the ideal that models 
generate confident estimates of fuel characteristics that cover the entire 
burn area and across all burn conditions. While the fuel models were 
developed for fire effects modeling, they are derived from independently 
collected field and remote sensing data rather than calibrated to match 
specific fire outcomes. The purpose of this comparison is not to establish 
a deterministic relationship between fuels and fire effects but rather to 
evaluate where the models constrain fuel characteristics well using 
empirical data. This indicates that the models confidently estimate fuel 
characteristics in areas critical for fire effects modeling—where fires 
occur and across a range of fire conditions. Additionally, the consump
tion maps quantifying fuel density (Mg ha− 1) and associated un
certainties have direct interpretability and applicability to carbon pool 
assessments and carbon flux (emissions) models, whereas unitless dNBR 
maps are qualitative and subject to looser interpretation.

4.3. Role of imaging spectroscopy and lidar data

The use of imaging spectroscopy data in this study was not through 
the direct use of detailed narrowband spectra as is typical; instead, it is 

used to inform the mapping of vegetation traits relevant for fuels char
acterization. The RF models of the functional traits for both the wildfire 
and Rx burn locations performed generally well with moderate R2 values 
(0.4561 and 0.7872; Table S3) and low bias and error under 20 %. The 
RF models for the MM Rx burns did not perform as well as those at the 
WF Fire. However, two of the Rx burns had complete image coverage 
over the plot data and complete (Annabella Reservoir Rx burn) or ma
jority coverage (Langdon Mountain Rx burn) over the burned area and 
thus were not modeled with random forests. The chemical trait models 
from Wang et al. (2020) applied to the imaging spectroscopy data have a 
range of validation R2 values of 0.47 to 0.77. The performance of these 
models is important to take into consideration alongside the RF models 
for model and map uncertainty (Table S4). For example, although the RF 
regression R2 is moderate, the Wang et al. (2020) lignin models applied 
to the imaging spectroscopy data have lower R2 (R2 = 0.47). Thus, the 
uncertainty in capturing the variation in lignin from the imaging spec
troscopy data may propagate to the RF model and predictions. Chemical 
features related to the imaging spectroscopy derived functional traits 
that were used and modeled with random forests have been found to be 
clearly expressed in both imaging spectroscopy and multispectral data 
(Gates et al., 1965; Tucker, 1980; Asner and Vitousek, 2005; Sánchez- 
Azofeifa et al., 2009; Ustin et al., 2012; Singh et al., 2015), which is 
supported by the performance of the random forest models.

Fig. 9. Maps of the spatial distribution of high confidence fuel characteristic predictions (a) and the change in total fuel biomass (b) as a guide for the associated 
boxplot distribution of biomass change values for each level of agreement (c). The biomass change map was produced using pre- and post-fire lidar at each fire 
location following McCarley et al., 2024. The areas with the greatest number of traits with high confidence values capture the greatest range and levels of con
sumption indicating meaningful use of the fuel characteristic maps for emissions estimates. Values 0–6 indicate the number of fuel characteristics that are considered 
to have high confidence predictions meaning within a reasonable range of the measured values.
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The expanding reach of imaging spectroscopy airborne campaigns 
and current and planned satellite-based imaging spectrometers, such as 
NASA’s planned Surface Biology and Geology (SBG) imaging spec
trometer (Stavros et al., 2023), will provide increased availability of 
data and products over time (Cawse-Nicholson et al., 2021). With 
increased availability of imaging spectroscopy imagery and products, 
presented methods like these will become more accessible for modeling 
pre-fire fuels without spatial data gaps.

4.4. Implications of fuel characteristic modeling and mapping

The fuel characteristic maps developed with imaging spectroscopy 
and lidar remotely sensed data provide a more direct means to compare 
in situ fuel measures to remote sensing retrievals (Stavros et al., 2018), 
which could improve fire effects modeling at the landscape scale (Gale 
et al., 2021). With a broad suite of included uncertainty statistics for 
both the fuel characteristic models and maps, the relationship of fuels 
and emissions can be better constrained to improve estimates of fire 
emissions. The methodology and the maps from this study could be used 
in fire effects models, like CONSUME, where the mapped estimates of 
the physical fuel characteristics can be used in place of the static values 
and classifications of fuels. We plan to explore further how these fuel 
characteristics can be used with existing models and fuel emissions data 
to better constrain the relationship between fuels and fire consumption 
and emissions.

5. Conclusions

The findings of this paper can be summarized as: 

⁃ Continuous mapping of fuel characteristics: Developed and 
applied methodology using AVIRIS imaging spectroscopy, lidar, and 
field data to produce continuous, spatially explicit maps of pre-fire 
fuel characteristics.

⁃ Uncertainty and model performance: Quantified uncertainty and 
achieved NRMSE values around or below 20 % for most fuel char
acteristics with strong validation performance.

⁃ Applicability across different fire types and regimes: Successfully 
applied the fuel mapping methodology to a large wildfire and pre
scribed crown fires that demonstrate potential for broader applica
tions in different fire regimes.

In this study, we evaluated the potential for using imaging spec
troscopy and lidar data to model and map continuous fuel characteristics 
before three Rx crown fires and a wildfire. We also present a method to 
fill in remote sensing spatial data gaps that result from the limited extent 
of airborne data collections. The methodology presented produced 
models that had consistent performance and NRMSE values that were 
around or under 20 %. When the models were applied to the remote 
sensing data of the fire locations, the maps had high proportions of high 
confidence estimates. This methodology is the first to use imaging 
spectroscopy and lidar data to model, continuously map, and quantify 
uncertainty of canopy, surface, and ground pre-fire fuel characteristics 
that can be used for fire consumption and emissions modeling. As im
aging spectroscopy and lidar platforms and data become increasingly 
available, the methods and findings to consistently map pre-fire fuel 
characteristics presented in this study provide a means to constrain the 
relationship between fuels and fire emissions.

The need for continuous representations of fuels with quantified 
uncertainty will help constrain the role and relationship between fuels 
and fire effects. Specifically, providing an avenue for continuous maps of 
fuel characteristics would allow for the estimation of error from fuels in 
fire consumption and emissions estimates. Such quantitative estimation 
with uncertainty is not possible based on unitless, dNBR-derived severity 
maps. The methodology in this study provides a way for fuel charac
teristics to be mapped wherever data is available. We expect these 

methods to accommodate of a variety of sensor types and be capable of 
modeling fuel characteristics beyond those presented in this study. 
Future work should explore the generalizability of the models and extent 
to which these models can be applied to map fuel characteristics both 
spatially and temporally. With anticipated spaceborne sensors like the 
planned Surface Biology and Geology (SBG) imaging spectrometer 
(Stavros et al., 2023), the methods in this study have potential for global 
application. Through the SBG imaging spectrometer, it would be 
possible to quantify pre-fire fuel characteristics across the globe to es
timate fire effects, like emissions, for any wildfire event.
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