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A B S T R A C T   

Characterizing pre- and post-fire fuels remains a key challenge for estimating biomass consumption and carbon 
emissions from wildfires. Airborne laser scanning (ALS) data have demonstrated effectiveness for estimating 
canopy, and to a lesser degree, surface fuel components at fine-scale (i.e., 30 m) across landscapes. Using pre- 
and post-fire ALS data and corresponding field data, this study estimated consumption of canopy fuel (ΔCF), 
understory fuel (ΔUF), total fuel (ΔTF), and canopy bulk density (ΔCBD) for the 2012 Pole Creek fire in Oregon, 
USA (10,760 ha), and portions of the 2011 Las Conchas fire in New Mexico, USA (4,934 ha). Additionally, the 
feasibility of predicting fuel consumption was tested using separate pre- and post-fire models (PrePost), models 
combining all pre- and post-fire data (Pooled), and models using all data from both fires (Global). Estimates of 
ΔTF were then compared to fire radiative energy (FRE, units: MJ) derived from Fire Radiative Power (FRP, units: 
MW) observations from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor onboard NASA 
Terra and Aqua satellites to mechanistically derive a biomass combustion coefficient (BCC, units: kg MJ−1). The 
PrePost and Pooled approaches yielded similar results at Las Conchas, but at Pole Creek insufficient pre-fire field 
data resulted in erroneous fuel consumption estimates outside the fire perimeter using the PrePost models. These 
results demonstrated that pre-fire field data were less important for these models than having field data which 
represent the full range of fuel conditions likely to exist across the landscape. Estimated total biomass consumed 
for the PrePost, Pooled, and Global models were 226 Gg, 224 Gg, and 224 Gg at Las Conchas, and 581 Gg, 713 
Gg, and 552 Gg at Pole Creek. Comparisons between estimated ΔTF and FRE yielded an average BCC for both 
fires of 0.367 (s.d.  ±  0.049) kg MJ−1 based on pixels with at least five MODIS observations. Both higher MODIS 
observations per pixel and accounting for canopy occlusion of FRE improved the relationship between ΔTF and 
MODIS-FRE. This study suggested a practical modelling approach for future efforts using only post-fire field 
observations and quantified a landscape-scale relationship between MODIS-derived FRE and fine-scale fuel 
consumption consistent with prior experiments.   

1. Introduction 

Wildfire is a significant contributor to the global carbon cycle (Bowman 
et al., 2009) and is intricately linked with climate change through anthro
pogenic forcing and positive feedback (Abatzoglou and Williams, 2016;  

Westerling et al., 2006). Globally, fires are estimated to emit between 1.8 
and 3.9 Pg C yr−1 (Andreae and Merlet, 2001; Van Der Werf et al., 2017;  
Van Der Werf et al., 2010; Van Der Werf et al., 2004). These global carbon 
estimates are conventionally derived from a bottom-up approach using the 
equation presented by Seiler and Crutzen (1980): 
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=M A (1) 

where M is biomass consumption (Mg), A is the area burned (ha), β is the 
biomass of pre-fire fuel load (Mg ha−1), and ρ is the combustion com
pleteness (%). Biomass consumption (M) is then multiplied by an emission 
factor, usually 0.45 to 0.5, to estimate the proportion of carbon (French 
et al., 2011). Therefore, uncertainty in global carbon estimates stems from 
the difficulty in accurately quantifying each of the parameters in Eq. (1) 
(Smith et al., 2005; Wooster et al., 2005) as well as the emission factor 
(Andreae and Merlet, 2001). 

The term fuel can be used to describe multiple properties of vege
tative matter available for combustion, such as chemistry, quantity, 
density, geometry, and continuity (Ottmar, 2014), but in Eq. (1), fuel 
load describes the quantity (i.e., biomass) of all combustible material. 
Fuel load remains one of the most difficult variables to quantify re
gionally and globally due to the high spatial variability of biomass 
across landscapes (Chuvieco et al., 2019; García et al., 2017) and the 
difficulty for optical satellite sensors to estimate the portion of fuel load 
occluded by forest canopies (Falkowski et al., 2005; Riaño et al., 2002). 
Advances in remote sensing, in particular the development of global, 
multiyear burned area products (Giglio et al., 2018; Van Der Werf et al., 
2017) and detection of small fires (Randerson et al., 2012; Roteta et al., 
2019), have significantly reduced the uncertainty in burned area esti
mates (Chuvieco et al., 2019). Other recent efforts have sought to use 
Landsat and Sentinel satellites to estimate the product of the burned 
sub-pixel fraction and combustion completeness, known as f.cc (Roy 
et al., 2019; Roy and Landmann, 2005). Research is underway to re
solve emissions factors at multiple scales, but these too require accurate 
quantification of fuel load (Prichard et al., 2019). 

An alternative approach for estimating biomass consumption is to 
measure the energy released by combustion from Earth observing sensors 
such as the Moderate Resolution Imaging Spectroradiometer (MODIS) 
sensor onboard NASA Terra and Aqua satellites, the underlying assumption 
being that the energy released is proportionate to the biomass consumed 
(Kaufman et al., 1996). The instantaneous radiative component of the fire 
reaction, fire radiative power (FRP; units: W), has been shown to be linearly 
related to the rate of biomass consumption (Freeborn et al., 2011; Wooster, 
2002; Wooster et al., 2005), while integrating FRP measurements over time 
allows for the estimation of Fire Radiative Energy (FRE; units: J). FRE has 
been demonstrated to be linearly related to the total biomass consumption, 
yielding a biomass combustion coefficient (BCC), at multiple scales in
cluding: laboratory experiments (Freeborn et al., 2008; Smith et al., 2013;  
Wooster et al., 2005), small-scale outdoor experiments (Kremens et al., 
2012), forest stand-scale fires (Hudak et al., 2016b; Klauberg et al., 2018), 
and fires at regional scales, such as the conterminous U.S. (Li et al., 2018). Li 
et al. (2018) derived a BCC of 0.301 kg MJ−1 comparing MODIS radiative 
energy measurements with biomass consumption derived from the Land
scape Fire and Resource Planning Tools (LANDFIRE; www.landfire.gov) 
Fuel Characteristic Classification System fuel bed types (FCCS; Ottmar et al., 
2007) and burned area from the Monitoring Trends in Burn Severity project 
(MTBS; Eidenshink et al., 2007). However, there is uncertainty in this ap
proach due to MTBS burned area commission errors (Sparks et al., 2015), 
subjectivity of burn severity thresholds used by MTBS (Kolden et al., 2015), 
and the broad scope of LANDFIRE FCCS, which may not reflect short-term 
fuel load changes (Li et al., 2018) or local variability (McKenzie et al., 
2007). Therefore, mechanistic linkage between MODIS radiative energy 
measurements and biomass consumption at the landscape-scale (i.e., the 
scale at which individual wildfires might occur) is still needed to further 
parameterize the BCC derived from laboratory and small outdoor experi
ments. 

Airborne laser scanning data (ALS) data have been used to estimate 
fuel load (Andersen et al., 2005; Bright et al., 2017) and density 
(Andersen et al., 2005; Riaño et al., 2004; Riaño et al., 2003), sug
gesting that ALS data from before and after a fire could be used to 
estimate fuel consumption. ALS data capture forest structure by actively 
measuring the distances from the sensor to trees and other objects on 

the ground with active laser pulses. These individual observations, each 
with an x, y location, and z height, are assembled into a point cloud 
resembling the structure of vegetation. Multiple height and density 
statistics representing structure are then used to model biophysical 
variables like biomass. Fuel load can compose all burnable biomass, but 
often fuels are grouped into components such as canopy, shrubs, non
woody vegetation, down woody debris, litter, and duff (Ottmar, 2014). 
Thus, using multiple different metrics of forest structure, the biomass of 
individual fuel load components can also be modelled. 

As the number of ALS data collections increases, more studies have 
incorporated multitemporal ALS data (i.e., the use of two or more ALS 
datasets across time at a given location). Some studies have explored 
the correlation between multitemporal ALS data and multitemporal 
multispectral data for quantifying structural changes brought about by 
wildfire (McCarley et al., 2018; McCarley et al., 2017; Wulder et al., 
2009); however, a recent wave of research has demonstrated that 
multitemporal ALS data observations by themselves are effective for 
measuring biophysical fire effects such as basal area mortality (Hoe 
et al., 2018; Hu et al., 2019), reduction in leaf area index (Hu et al., 
2019), decrease in canopy volume (Alonzo et al., 2017), and depth of 
boreal peat loss (Chasmer et al., 2017). Multitemporal ALS data have 
also been effective at quantifying fuel load and density changes from 
forest harvest (Fekety et al., 2015; Hudak et al., 2012), fuel treatments 
(Ma et al., 2018), insect defoliation (Meng et al., 2018; Skowronski 
et al., 2014), wind storms (Zhao et al., 2018), and forest growth (Fekety 
et al., 2015; Hudak et al., 2012; Skowronski et al., 2014; Zhao et al., 
2018). 

Estimating fuel load or density from ALS data requires models 
trained from field observations, which are not always available for an 
unpredictable disturbance such as wildfire. In cases where there are 
field observations, they may be only pre-fire, or more often only post- 
fire data, but rarely are both available (Alonzo et al., 2017; Hoe et al., 
2018). This limitation places a high priority on research to evaluate 
model generality and transferability (i.e., the ability for a model to 
accurately predict values across space and time). Other studies have 
demonstrated that fuel load models developed from field data and ALS 
data at a single point in time could be used to make predictions with 
ALS data in similar ecosystems (Fekety et al., 2018) and that predictions 
fit for one year could be applied to other years (Fekety et al., 2015;  
Zhao et al., 2018). However, generality and transferability of ALS fuel 
models have not been tested for quantifying fuel consumption in a 
wildfire. 

The principal goals and objectives of this study were to produce fuel 
consumption estimates at a fine-scale (i.e., 30 m) for two fires in western 
U.S. forested ecosystems using multitemporal ALS and field data, thereby 
offering a novel solution for parameterizing the landscape-scale relationship 
between MODIS-derived FRE and fine-scale fuel consumption. The mea
sures of fuel load consumption predicted in this study were change in ca
nopy fuel (ΔCF), understory fuel (ΔUF; including shrubs, nonwoody vege
tation, down woody debris, litter, and duff), and total fuel (ΔTF; both 
canopy and understory fuel). Change in canopy bulk density (ΔCBD), a 
measure of fuel density consumption, was also predicted. To achieve the 
best model performance, the feasibility of predicting fuels over time (i.e., 
temporal generalization) and between fires (i.e., spatial generalization) was 
tested. Finally, a biomass combustion coefficient (BCC) between MODIS- 
derived FRE and ΔTF was developed and compared to prior studies, with 
additional attention to the effects of canopy occlusion and the number of 
MODIS observations. 

2. Material and methods 

2.1. Study area 

This study used multitemporal ALS and field data from the 2011 Las 
Conchas fire (61,057 ha) in northern New Mexico, USA and the 2012 
Pole Creek fire (10,760 ha) in the eastern Cascade Range of central 
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Oregon, USA (Fig. 1). Both fires experienced a wide range of fire be
havior, from high-intensity crown fire to low-intensity surface fire. The 
Las Conchas fire area is characterized by a steep gradient in pre
cipitation as a function of elevation which ranges from 1,600 to 
2,900 m. This gradient results in vegetation ranging from mixed conifer 
forest at the highest elevations, to ponderosa pine in the canyons and 
mesa-tops, to pinyon-juniper woodlands at the lowest elevations. The 
most common tree species observed in field sites were ponderosa pine 
(Pinus ponderosa), white fir (Abies concolor), Douglas-fir (Pseudotsuga 
menziesii), quaking aspen (Populus tremuloides), and gambel oak 
(Quercus gambelii). Repeat ALS data were available for 6,997 ha of the 
Frijoles watershed, 4,934 ha of which were burned by the Las Conchas 
fire. Average forest canopy cover (i.e., percent of first returns above 
2 m) before the fire was 32% (s.d. ± 27%). 

The entire Pole Creek fire extent and adjacent forest, totaling 22,210 ha, 
were captured by repeat ALS data acquisitions. Elevation at Pole Creek 
starts at 1,200 m, where relatively flat, open ponderosa pine woodlands are 
dominant. The elevation gradually increases to 2,100 m, with forest com
position changing from mixed conifer and lodgepole pine to mountain 
hemlock at the highest elevations. The area can be further characterized by 
its proximity to active volcanoes, which influence weather, topography, and 
soils. The most common tree species observed in field sites were ponderosa 
pine, lodgepole pine (Pinus contorta), mountain hemlock (Tsuga mer
tensiana), and grand fir (Abies grandis). Average forest canopy cover before 
the fire was 44% (s.d. ± 22%). 

2.2. Data acquisition and pre-processing 

2.2.1. Field plot data 
Field data for the Las Conchas fire were collected by the National 

Park Service in permanent 20 m by 50 m fixed plots (see Appendix A for 

plot design). A total of 57 pre-fire field plots were measured in either 
2008, 2009, or 2010 while 78 post-fire field plots were measured in 
2012, 2015, or 2016. For the post-fire plots, 48 were repeat measure
ments of existing pre-fire plots, and 12 were located outside the fire 
perimeter. For the Pole Creek fire, 9 pre-fire field plots were measured 
by the FIA program (Gillespie, 1999) in 2007, 2009, 2010, 2011, or 
2012. A total of 72 post-fire plots were measured in 2013 by the USDA 
Forest Service Western Wildland Environmental Threat Assessment 
Center and the University of Idaho. All post-fire plots were inside the 
fire perimeter, and none were repeat measurements (see Appendix A for 
plot design). 

Pre- and post-fire field data suitable for calculating FCCS strata 
described in Ottmar (2014) were available for both fires. Individual fuel 
load components were grouped into canopy fuels (CF; trees, snags, 
ladder fuel) and understory fuels (UF; shrubs, nonwoody vegetation, 
woody fuels, litter, and duff). Using the Fire and Fuels Extension to the 
Forest Vegetation Simulator (FFE-FVS; Reinhardt and Crookston, 
2003), CF was derived from the sum of all live trees, snags, and tree 
crowns (see Appendix A for more detail). CBD was also obtained from 
the FFE-FVS Potential Fire table, following methods described in Scott 
and Reinhardt (2001). For all field plots at Las Conchas, and post-fire 
field plots at Pole Creek, UF was calculated using equations from Brown 
et al. (1982). UF estimates for the pre-fire field plots at Pole Creek were 
already included in the aggregated plot data received from FIA. Early 
analysis indicated that litter and duff values were more reliable using 
the aggregated plot data rather than at the FIA subplot level, and that 
spatial autocorrelation was limited. Therefore, aggregated plot data 
(n = 9) were used rather than treating each individual subplot (n = 36) 
as a data point. Summary pre- and post-fire plot statistics for each 
variable are reported in Table 1. 

Fig. 1. Location of the Pole Creek (Oregon, USA) and Las Conchas (New Mexico, USA) fires, with fire perimeter and footprint for the overlapping airborne laser 
scanning (ALS) data surveys overlaid on 2014 National Agricultural Imagery Program (NAIP) imagery. 
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2.2.2. ALS data 
ALS data (Table 2) were acquired and pre-processed by The Na

tional Center for Airborne Laser Mapping (pre-fire) and Atlantic (post- 
fire) at Las Conchas and by Watershed Science, Inc., at Pole Creek. Pre- 
processing included checking vertical accuracy against monumented 
control points and classifying ALS returns using the proprietary soft
ware TerraScan. For this study, classified ground returns were used to 
generate DEMs and height normalize the ALS point clouds in the soft
ware program LAStools (Isenburg, 2013). During the LAStools height 
normalization process, outliers below −30 m and above 150 m were 
removed from the point clouds following a standard U.S. Forest Service 
procedure (pers. comm., R. McGaughey, USFS). Pre- and post-fire DEMs 
were compared to validate vertical accuracy between time steps. The 
percent of pre- and post-fire DEM pixels (at 1 m spatial resolution) 
within 0.15 m vertically was 70% at Las Conchas and 81.3% at Pole 
Creek. For both fires, over 96% of pixels were within 0.5 m vertically. 
At Las Conchas, both the pre- and post-fire ALS data were delivered in 
the same spatial projection, but at Pole Creek, the pre-fire ALS data 
were re-projected in LAStools to match the post-fire projection. 

Following re-projection and height normalization, the ALS point 
cloud data were gridded into 30 m rasters in LAStools by computing 
height and density metrics of the point cloud within each raster cell 
(Table 3). Candidate ALS metrics were based on standard outputs from 
FUSION software (McGaughey, 2014) and height cutoffs recommended 
by the U.S. Forest Service (pers. comm., R. McGaughey, USFS). Similar 

ALS height and density metrics have been used for fuel modelling in the 
western U.S. (Bright et al., 2017; Fekety et al., 2015; Hudak et al., 
2012), Australia (Price and Gordon, 2016), and Europe (González- 
Ferreiro et al., 2014), provided local field data were used to train the 
fuel models. ALS point cloud data were clipped to field plot locations 
using the R package ‘lidR’ (Roussel and Auty, 2019), with measurement 
dates corresponding to either pre- or post-fire. Metrics were calculated 
from the plot-scale point clouds using the same parameters in LAStools 
as the grid metrics. The plot-scale metrics were used for model training 
and the grid metrics were used to apply the models across the land
scape. 

2.2.3. MODIS active fire product and fire radiative energy estimation 
The Level 2 MODIS active fire product, with nominal 1 km spatial 

resolution, detects and characterizes FRP from fires that are observed at 
the time of Terra (MOD14) and Aqua (MYD14) satellite overpass (Giglio 
et al., 2016). Depending on cloud cover, up to four observations per day 
could be collected at the latitude of the study fires. For the Collection 6 
MODIS active fire product (Giglio et al., 2016), FRP is calculated from 
the radiance sensed in the mid-infrared wavelength (3.9 μm) channel 
as: 

=FRP MW
A
a

L L[ ] ( )pix

MIR
MIR BMIR (2) 

where LMIR is the mid-infrared radiance of fire pixels, LBMIR is the ra
diance of neighboring non-fire background pixels, Apix is the area of the 
MODIS pixels, σ is the Stefan-Boltzmann constant (5.6704 × 10−8 

Wm−2 K−4), a is a sensor-specific constant (3.0 × 10−9 

Wm−2 sr−1 μm−1), and ΤMIR is atmospheric transmittance for the mid- 
infrared channel. 

Estimated FRP and the associated confidence level were provided by 
the MOD14/MYD14 products for each detected fire pixel. All con
fidence levels were used for maximum fire detectability. To estimate 

Table 1 
Summary statistics for field plot data at the Las Conchas, New Mexico (LC), and 
Pole Creek, Oregon (PC), fires.           

Min 25th pct. 50th pct. 75th pct. Max Mean Count  

Canopy Fuel (Mg ha−1) 
LC Pre-fire 0.5 12.2 63.8 131.0 280.1 77.2 57 
LC Post-fire 0.4 19.9 67.3 99.0 214.5 69.3 78 
PC Pre-fire 47.6 63.9 198.0 270.1 374.1 178.9 9 
PC Post-fire 1.4 33.8 100.9 194.1 511.5 126.2 72 

Understory Fuel (Mg ha−1) 
LC Pre-fire 4.9 16.2 39.9 77.0 165.2 51.3 57 
LC Post-fire 5.1 17.3 28.4 45.5 113.8 35.0 78 
PC Pre-fire 24.9 32.1 50.6 74.7 124.3 57.6 9 
PC Post-fire 0.1 5.9 10.7 24.3 128.8 18.5 72 

Total Fuel (Mg ha−1) 
LC Pre-fire 7.2 27.9 107.2 208.3 382.7 128.5 57 
LC Post-fire 5.5 65.6 109.7 137.0 274.9 104.3 78 
PC Pre-fire 81.4 88.7 264.4 350.4 498.4 236.5 9 
PC Post-fire 5.1 43.8 120.9 213.4 528.1 144.7 72 

Canopy Bulk Density (kg m−3) 
LC Pre-fire 0.00 0.02 0.09 0.16 0.35 0.10 57 
LC Post-fire 0.00 0.00 0.03 0.08 0.21 0.05 78 
PC Pre-fire 0.03 0.06 0.10 0.13 0.18 0.10 9 
PC Post-fire 0.00 0.00 0.03 0.07 0.29 0.05 72 

Table 2 
Characteristics of pre- and post-fire airborne laser scanning (ALS) data acqui
sitions.        

Las conchas fire (Jun 2011) Pole creek fire (Sep 2012) 

Year 2010 2013 2009 2013  

Date(s) of 
acquisition 

29-Jun to 8- 
Jul 

24-Sep to 
28-Sep 

7-Oct to 11- 
Oct 

8-Oct to 11- 
Oct 

ALS System Gemini 
06SEN/ 
CON195 

Leica 
ALS70-HP 

Leica ALS50 Leica ALS50 

Wavelength 1064 nm 1064 nm 1064 nm 1064 nm 
Flight Altitude 600 m 1400 m 900 m 900 m 
Swath Overlap 50% 50% 50% 50% 
Point Density 10.28 p/m2 8 p/m2 8 p/m2 8 p/m2 

Scan Frequency 60 Hz 59.8 Hz 52 Hz 52 Hz 
Scan Angle 28° 30° 28° 28° 

Table 3 
Airborne laser scanning (ALS) metrics of forest structure. Additional metrics 
were considered, but not selected because they were highly correlated or multi- 
collinear with other variables or had low importance in the random forest (RF) 
models.    

ALS metric Statistic of the ALS point cloud  

PCT 0‐0.5 m Percent of all returns ≤0.5 m 
PCT 0.5-1 m Percent of all returns  > 0.5 m and ≤1 m 
PCT 1-2 m Percent of all returns  > 1 m and ≤2 m 
PCT 2-4 m Percent of all returns  > 2 m and ≤4 m 
PCT 4-8 m Percent of all returns  > 4 m and ≤8 m 
PCT 8-16 m Percent of all returns  > 8 m and ≤16 m 
PCT 16-32 m Percent of all returns  > 16 m and ≤32 m 
PCT 32-48 m Percent of all returns  > 32 m and ≤48 m 
PCT 0.5-1 m (lt2) Percent of returns (< 2 m only)  > 0.5 m and ≤1 m 
PCT 1-2 m (lt2) Percent of returns (< 2 m only)  > 1 m and ≤2 m 
AVG Average height of all returns 
COV Percent of first returns ≥2 m 
P25 25th percentile of the height values for all returns 
P50 50th percentile of the height values for all returns 
P75 75th percentile of the height values for all returns 
P90 90th percentile of the height values for all returns 
P95 95th percentile of the height values for all returns 
P01 (gt2) 1st percentile of the height values for returns ≥2 m 
P05 (gt2) 5th percentile of the height values for returns ≥2 m 
P10 (gt2) 10th percentile of the height values for returns ≥2 m 
P25 (gt2) 25th percentile of the height values for returns ≥2 m 
P50 (gt2) 50th percentile of the height values for returns ≥2 m 
STD (gt2) Skewness of the height values for returns ≥2 m 
P50 (lt2) 50th percentile of the height values for returns  < 2 m 
P75 (lt2) 75th percentile of the height values for returns  < 2 m 
P90 (lt2) 90th percentile of the height values for returns  < 2 m 
P95 (lt2) 95th percentile of the height values for returns  < 2 m 
P99 (lt2) 99th percentile of the height values for returns  < 2 m 
STD (lt2) Standard deviation of the height values for returns  < 2 m 
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fire radiative energy, the MOD14 and MYD14 data were first re-pro
jected to 1 km MODIS sinusoidal equal area using nearest neighbor 
resampling, following Boschetti and Roy (2009). This method mitigated 
the effect of increasing pixel size at higher MODIS scan angles, pre
venting the introduction of bias in the resampled FRP. FRE is derived 
through the equation: 

=
=

FRE MJ FRP t[ ]
i

n

i i
1

i

(3) 

where ni is the number of observations and Δti is the time between 
observations. FRE was calculated for each MODIS pixel following  
Boschetti and Roy (2009), assuming that FRP varied linearly between 
observations. 

2.3. Analysis 

2.3.1. Estimating fuel consumption 
In this study, temporal generalization refers to the ability of a model 

built using data from multiple points in time (i.e., pre- and post-fire) to 
accurately predict fuel load and density regardless of the time period 
the model is applied to. Two approaches were employed to assess 
temporal generalization of the fuel models. The non-generalized ap
proach, hereafter termed the PrePost model, used pre-fire ALS data and 
field observations to model pre-fire fuels (Pre model) and post-fire ALS 
data and field observations to model the post-fire fuels (Post model) 
separately. The Pre and Post models were then applied to the gridded 
ALS metrics of the corresponding time (i.e., pre- or post-fire) to map the 
fuels. The resulting pre- and post-fire fuel estimates (as 30 m rasters) 
were then differenced to obtain fuel consumption. The temporally 
generalized approach, hereafter termed the Pooled model, used pre- 
and post-fire ALS data matched with pre- and post-fire field observa
tions to train a single combined model. The Pooled model was then 
applied to the pre- and post-fire gridded ALS metrics to map fuels, and 
the results were differenced to obtain a measure of change. 

Much like the pooled approach for temporal generalization, spatial 
generalization refers to the ability of a model built using data from 
multiple regions (i.e., the two fires in this study) to accurately predict 

fuel load and density across regions. A spatially generalized model, 
hereafter termed the Global model, used pre- and post-fire ALS data 
matched with pre- and post-fire field observations for both fires to train 
a single combined model. This model was then applied to the pre- and 
post-fire gridded ALS metrics to map the fuel attributes at both fires. 
Results were differenced at each fire to obtain fuel consumption. 

The models derived from the PrePost, Pooled, and Global ap
proaches were compared using measures of model fit (r-squared, Root 
Mean Squared Error (RMSE), and RMSE relative to the range of ob
served values (RMSE%)) and direction of bias (Mean Bias Error (MBE) 
based on predicted minus observed values). The landscape-scale pre
dictions of fuel consumption were assessed visually to see if they mat
ched known disturbances, such as fire and forest harvest. Finally, pre
dicted fuel consumption estimates were evaluated outside the fire 
perimeters by testing if the average consumption values were near zero 
in relatively unchanged areas. Because forest management activities 
were known to have occurred between the ALS collections at Pole 
Creek, the US Forest Service Forest Activity Tracking System (FACTS;  
USDA Forest Service, 2015) was used as a reference for timber harvest 
and hazard fuel reduction activities. For each model, areas where these 
activities occurred between ALS acquisitions were omitted when testing 
if average unburned predictions were near zero. 

For all models the Random Forest (RF) algorithm (Breiman, 2001) 
was used for the following reasons: It captures potential non-linear 
relations, it's non-parametric nature allows prediction of multiple re
sponses without making assumptions on the distribution of those re
sponses, it generates variable importance, and it has demonstrated ef
fectiveness in the estimation of fuel load (Fekety et al., 2015; Hudak 
et al., 2012) and fuel density (Bright et al., 2017) from ALS data. Pre- 
fire, post-fire, and pooled models for each variable were run separately, 
but with an identical procedure. ALS metrics for each model (Fig. 2) 
were selected using a custom model selection function that in
corporated the Model Improvement Ratio (MIR; Murphy et al., 2010) 
and ‘rfUtilities’ R library (Evans and Murphy, 2017). The candidate 
metrics were first revised so that variables with lower importance 
among highly correlated variables (Pearson's r  >  0.9) were removed 
from consideration, as were multi-collinear variables using a Gram- 

Fig. 2. Airborne laser scanning (ALS) metric selection results for modelling canopy fuel (CF), understory fuel (UF: includes shrubs, nonwoody vegetation, down 
woody debris, litter, and duff), total fuel (TF), and canopy bulk density (CBD). Metrics acronyms are further described in Table 3. Matrix colors denote which metrics 
were selected for each model and which field data were used. ‘Both fires’ indicates that the metric was selected by both single-fire models, whereas the ‘Global’ model 
used all data from both fires. 
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Schmidt QR-decomposition approach. The MIR statistic was calculated 
for each metric from a RF model using all non-correlated ALS metrics to 
determine relative importance for all variables. Next, an iterative subset 
selection process selected metrics which minimized model mean 
squared error (MSE) and maximized the percent variation explained. 
Between four and ten variables were selected for each model (Fig. 2). 

While there were no repeat measurements (i.e., pre- and post-fire 
field observations for the same location) at Pole Creek, there were 48 
repeat measurements at Las Conchas. Therefore, additional validation 
was performed to assess how the PrePost, Pooled, and Global models 
were able to predict fuel consumption compared to fuel consumption 
observed as the difference between pre- and post-fire observations. 
Predicted change was plotted against change observed in 48 plots with 
repeat measurements and compared using measures of model fit (r- 
squared, RMSE, RMSE%) and bias (MBE). MBE was calculated as the 
mean of predicted minus observed values for assessing individual 
models, but changed to observed minus predicted for assessing change, 
so that in all reported models negative MBE values would represent 
underpredicted models and positive MBE would represent model 
overprediction. 

2.3.2. Relationship between biomass consumed and fire radiative energy 
The relationship between FRE and biomass consumption can be 

described as follows: 

= ×TF kg BCC FRE MJ[ ] [ ] (4) 

where ΔTF is the change in total fuel load and BCC is a biomass com
bustion coefficient derived empirically. Therefore, linear regression was 
used to characterize the relationship between MODIS-derived estimates 
of FRE and the sum of all negative ΔTF values within each 1 km MODIS 
pixel footprint. This analysis was conducted with the hypothesis that 
the relationship between ΔTF and FRE would be linear and the slope of 
the regression line (the biomass combustion coefficient: BCC) would be 
similar to the values proposed in prior studies. FRE was compared only 
with ΔTF and not the individual fuel load components, since energy 
observed by MODIS may have originated in any stratum. 

Additionally, prior studies have found, and corrected for, a linear 
bias in FRP and FRE caused by canopy occlusion (Hudak et al., 2016b;  
Mathews et al., 2016; Roberts et al., 2018). The simple correction 

proposed by Hudak et al. (2016b) was applied using the formula: 

= +FRE FRE COV(1 )CC obs post (5) 

where FREcc is the canopy cover corrected FRE, FREobs is the FRE cal
culated following the methods in Section 2.2.3, and COVpost is post-fire 
canopy cover derived from the percent of first returns above 2 m in the 
post-fire ALS data. Post-fire canopy cover, rather than pre-fire, was used 
in the equation because canopy consumption contributed to the ob
served FRE. 

3. Results 

3.1. Estimating fuel consumption 

RF models were generated for each fuel variable (CF, UF, TF, and 
CBD) and training data subset (Pre, Post, Pooled, and Global) for both 
fires. Model performance measures of fit and bias are reported in  
Table 4. At Las Conchas, the Pre CF model produced the highest r- 
squared (0.84) and nearly the lowest relative RMSE (9.34%) of any 
model, while the Post UF model had the lowest r-squared (0.16) and 
highest relative RMSE (21.4%). At Pole Creek, Global CBD and Pooled 
TF had the highest r-squared values (both 0.74), but Global CBD had a 
lower relative RMSE (9.86%). The Post UF model had the lowest r- 
squared (0.20) and the Pre CBD model had the highest relative RMSE 
(29.52%). 

In terms of temporal generalization, r-squared, RMSE, and MBE for 
the Pooled models were consistently better than the Post models at Las 
Conchas, and as good or better than both the Pre and Post models at 
Pole Creek. To further asses the results of the Pooled models, predicted 
values were mapped for both fires (Figs. 3 and 4) and areas outside of 
each fire perimeter were used as a reference conditions to determine if 
the models were over- or under-predicting fuel changes in relatively 
unchanged areas. The FACTS database was used to identify and omit 
2,427 ha of hazardous fuel reductions outside the Pole Creek fire 
perimeter that occurred between ALS collections at Pole Creek. After 
excluding known areas of hazardous fuel reductions, large fuel changes 
were still observed in the difference between the Pre and Post models 
(PrePost). Average pixel values for ΔTF outside the Pole Creek fire 
perimeter were 11.4 (s.d. ± 45.7) Mg ha−1 for the PrePost model, −0.1 

Table 4 
Model performance at both fires using pre-fire field data (Pre), post-fire field data (Post), both pre- and post-fire field data (Pooled), and both pre- and post-fire data 
from both fires (Global). Plots comparing field observations and model predictions are displayed in Appendix A, Fig. S1 for Las Conchas and Fig. S2 for Pole Creek.            

Model performance Model performance 

Las Conchas Fire Pole Creek Fire 

r-squared RMSE RMSE MBE r-squared RMSE RMSE MBE  

Canopy Fuel  Mg ha−1 % Mg ha−1  Mg ha−1 % Mg ha−1 

Pre 0.84 26.12 9.34 −0.24 0.61 79.70 24.41 −10.83 
Post 0.72 27.37 12.78 1.17 0.71 60.11 11.78 −3.55 
Pooled 0.80 26.03 9.31 −0.60 0.71 60.09 11.78 −2.67 
Global 0.64 52.63 10.30 −0.003 0.64 52.63 10.30 −0.003 

Understory Fuel  Mg ha−1 % Mg ha−1  Mg ha−1 % Mg ha−1 

Pre 0.63 24.38 15.21 0.83 0.50 21.86 21.99 −3.72 
Post 0.16 23.26 21.40 0.71 0.20 18.31 14.23 0.31 
Pooled 0.43 24.94 15.56 0.09 0.34 20.22 15.71 0.12 
Global 0.42 24.07 14.58 0.42 0.42 24.07 14.58 0.42 

Total Fuel  Mg ha−1 % Mg ha−1  Mg ha−1 % Mg ha−1 

Pre 0.83 41.82 11.14 −0.57 0.57 103.87 24.91 −19.77 
Post 0.64 37.05 13.75 0.89 0.73 59.53 11.38 −1.02 
Pooled 0.74 41.62 11.03 −0.39 0.74 61.74 11.80 −1.67 
Global 0.68 56.76 10.85 −0.03 0.68 56.76 10.85 −0.03 

Canopy Bulk Density  kg m3 % kg m3  kg m3 % kg m3 

Pre 0.71 0.04 12.75 −0.0004 0.22 0.04 29.52 −0.003 
Post 0.56 0.03 15.99 0.0004 0.60 0.04 12.76 −0.001 
Pooled 0.66 0.04 11.73 −0.001 0.68 0.03 11.90 −0.001 
Global 0.74 0.03 9.86 −0.0003 0.74 0.03 9.86 −0.0003 
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Fig. 3. Mapped estimates of fuel consumption in the Las Conchas, New Mexico, fire using the difference between pre- and post-fire fuel estimates calculated using 
separate models trained with pre- and post-fire specific field data (PrePost), models trained with the pooled collection of pre- and post-fire field data (Pooled), and 
models using pooled data from both fires (Global). Along a gradient defined in the legend, red pixels denote fuel consumption, while grey pixels indicate fuel 
accumulation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 4. Mapped estimates of fuel consumption in the Pole Creek, Oregon, fire using the difference between pre- and post-fire fuel estimates calculated using separate 
models trained with pre- and post-fire specific field data (PrePost), models trained with the pooled collection of pre- and post-fire field data (Pooled), and models 
using pooled data from both fires (Global). Along a gradient defined in the legend, red pixels denote fuel consumption, while grey pixels indicate fuel accumulation. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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(s.d. ± 26.7) Mg ha−1 for the Pooled model, and 1.2 (s.d. ± 23.9) 
Mg ha−1 for the Global model. The Pre models at Pole Creek also had 
the smallest number of field observations (n = 9), which resulted in 
higher relative RMSE (between 21.99% and 29.52%) for all variables, 

as well as generally lower r-squared values and more bias. Large 
changes outside the fire perimeter was not observed for the Las Conchas 
fire, which also had better overall fit and bias in the Pre and Post 
models. Additionally, no areas of timber harvest or hazardous fuel re
ductions were observed in the FACTS database between ALS collec
tions. Average pixel values for ΔTF outside the Las Conchas fire peri
meter were −4.6 (s.d. ± 19.7) Mg ha−1, −4.9 (s.d. ± 18.8) Mg ha−1, 
and 0.1 (s.d. ± 19.6) Mg ha−1 for the PrePost, Pooled, and Global 
models. 

In assessing spatial generalization, performance of the Pooled and 
Global models was nominally different, having r-squared values within 
0.16 and relative RMSE within 2.04% of each other at both fires. At Las 
Conchas, the sum of predictions yielded total biomass consumption of 
226 Gg for the PrePost model, 224 Gg for the Pooled model, and 224 Gg 
for the Global model. At Pole Creek, the total biomass consumption was 
estimated at 581 Gg for the PrePost model, 713 Gg for the Pooled 
model, and 552 Gg for the Global model. 

Repeat measurements for the Las Conchas fire allowed for addi
tional comparison of predicted change versus observed change in 48 of 
the field plots. Results, shown in Table 5, indicated that the PrePost 
models had the greatest agreement between predicted and observed 
values (high r-squared and low RMSE) for ΔCF, ΔUF, and ΔTF, although 
the Pooled models were not much worse. The Global model had a better 
fit than the PrePost or Pooled models for estimating ΔCBD but had 
lower r-squared values and higher RMSE% estimating ΔCF and ΔTF due 
to a few outliers (Appendix A, Fig. S3). 

3.2. Relationship between biomass consumed and fire radiative energy 

For both fires, ΔTF estimates using PrePost, Pooled, and Global 
models were compared with FRE. ΔTF increased linearly with FRE at 
Las Conchas (Fig. 5) and Pole Creek (Fig. 6). At Las Conchas, the quality 

Table 5 
Comparison of observed and predicted change at 48 field plots with repeat 
measurements at the Las Conchas, New Mexico, fire using the difference be
tween pre- and post-fire fuel estimates calculated using separate models trained 
with pre- and post-fire specific field data (PrePost model), models trained with 
the pooled collection of pre- and post-fire field data (Pooled model), and models 
using pooled data from both fires (Global model). Plots comparing field ob
servations and model predictions are displayed in Appendix A, Fig. S3.        

Model performance 

Las Conchas field plots with repeat measurements 

r-squared RMSE RMSE MBE  

Canopy Fuel  Mg ha−1 % Mg ha−1 

PrePost 0.68 21.80 18.15 −4.62 
Pooled 0.65 23.61 19.66 −7.31 
Global 0.47 35.95 29.93 −6.29 

Understory Fuel  Mg ha−1 % Mg ha−1 

PrePost 0.36 26.10 18.69 3.54 
Pooled 0.15 29.10 20.83 −1.77 
Global 0.15 29.15 20.87 −0.38 

Total Fuel  Mg ha−1 % Mg ha−1 

PrePost 0.67 32.36 17.85 −0.34 
Pooled 0.55 38.27 21.11 −8.05 
Global 0.40 47.87 26.40 −5.10 

Canopy Bulk Density  kg m3 % kg m3 

PrePost 0.68 0.05 14.49 −0.01 
Pooled 0.68 0.06 16.29 −0.03 
Global 0.76 0.05 14.15 −0.02 

Fig. 5. Fire radiative energy (FRE) compared with change in total fuel (ΔTF) for the Las Conchas, New Mexico, fire using the difference between pre- and post-fire 
fuel estimates calculated using separate models trained with pre- and post-fire specific field data (PrePost model), models trained with the pooled collection of pre- 
and post-fire field data (Pooled model), and models using pooled data from both fires (Global model). The rows show how the relationship changes when only pixels 
with more Moderate Resolution Imaging Spectroradiometer (MODIS) observations are considered. The slope of the line represents the biomass combustion coefficient 
(BCC; kg MJ−1), which can be used to convert FRE to ΔTF. 
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of fit between ΔTF and FRE as measured by r-squared and standard 
error (SE) was better when only pixels with at least five MODIS ob
servations were considered (n = 16) versus using all available MODIS 
observations (n = 41). At Pole Creek, there was little difference in r- 
squared and SE values using at least five MODIS observations (n = 109) 
versus all MODIS observations (n = 147). 

Using at least five MODIS observations at Las Conchas, the slope of 
the regression line, the BCC, was 0.431 kg MJ−1 for the PrePost model, 
0.346 kg MJ−1 for the Pooled model, and 0.337 kg MJ−1 for the Global 
model. The BCC using at least five MODIS observations at Pole Creek 
was 0.332 kg MJ−1 for the PrePost model, 0.428 kg MJ−1 Pooled 
model, and 0.327 kg MJ−1 for the Global model. The average BCC for 
this study (using at least five MODIS observations) was 0.367 
(s.d. ± 0.049) kg MJ−1. 

4. Discussion 

4.1. Estimating fuel consumption 

Multitemporal ALS data was demonstrated to be a valuable tool for 
estimating the consumption of fuel load and density in this study. 
Additionally, the use of ALS data to quantify fuel has notable ad
vantages over other methods. First, the measurements from ALS can be 
made at finer-scale than widely used products such as LANDFIRE FCCS 
(30 m). While this study binned the ALS point cloud at 30 m, high 
density ALS collections have been used estimate fuel load at resolutions 
from 5 m (Hudak et al., 2016b) to less than 1 m (Greaves et al., 2016). 
Second, ALS data incorporates the vertical structure of forest fuels. 
Optical remote sensing has been used to estimate fuels (Falkowski et al., 
2005; Riaño et al., 2002) but doesn't adequately distinguish fuels oc
cluded by canopy layers or differences in vegetation height. A key 
challenge in measuring fuels across the landscape is high spatial 
variability of fuel loads across multiple scales (Keane et al., 2013). 
Therefore, high resolution (horizontal and vertical) ALS-derived fuel 
consumption maps may have utility for other efforts such as refining 
fuel classification systems or fire behavior models. 

4.1.1. Temporal generalization 
One of the most important findings of this study was that pooling 

pre- and post-fire data yielded comparable or better estimates of fuel 
consumption to differencing separate pre- and post-fire models. At Las 
Conchas, where modelled changes from ALS data could be compared to 
observed changes at 48 permanent field plots, the PrePost models dis
played slightly better fit than the Pooled models. However, ΔTF values 
inside the fire perimeter were near identical, averaging −44.7 
(s.d. ± 49.4) Mg ha−1 for the PrePost model and − 44.3 (s.d. ± 50.5) 
Mg ha−1 for the Pooled model. 

At Pole Creek, large changes in fuel were observed consistently 
outside the fire perimeter using the PrePost model. Some fuel decrease 
was expected due to hazardous fuel reduction treatments observed in 
the FACTS database, such as the CF, TF, and CBD decreases visible 
outside the fire perimeter in the northeast corner of the ALS data ac
quisitions (Fig. 4). However, increased CF of over 100 Mg ha−1 across 
large portions of unburned forest was not consistent with any known 
anthropogenic or natural process over the span of only four years in this 
ecosystem. This was not an issue for the Las Conchas fire, suggesting 
that other factors at Pole Creek contributed to the error, such as the 
small pre-fire sample size and the fact that the post-fire field data 
captured a wider range of fuel load and density conditions (Table 1). 
The smaller range of fuel load and density values captured by the pre- 
fire field plots is notable because it resulted in strong bias for over
predicting biomass at the low end and underpredicting biomass at the 
high end (Table 4; Appendix A, Fig. S2). Pooling pre- and post-fire plot 
data corrected the issues outside the fire perimeter, yielded an average 
ΔTF of −0.1 (s.d. ± 26.7) Mg ha−1 compared to 11.4 (s.d. ± 45.7) 
Mg ha−1 using the PrePost model. 

The issues with the PrePost model at Pole Creek were not observed 
in other studies that used separate pre- and post-fire models to quantify 
change in fuel load (Hudak et al., 2012; Zhao et al., 2018) or fuel 
density (Skowronski et al., 2014). However, these studies utilized re
peat measurements for all or most of their field plots, and both the pre- 
and post-fire field plots captured a similar range in fuel values. Thus, 
the data used in these studies were more similar to the data available 
for the Las Conchas fire, where the PrePost model worked equally well 
to the Pooled model. These findings demonstrate the importance of 
capturing a broader range of variation in fuel load and density in the 
training data for any approach. 

Using a single set of training data has practical benefits since pre- 
fire data collection is a key challenge for fire science due to the inherent 
uncertainty of where and when wildfires will occur (Lentile et al., 2006;  
Morgan et al., 2014). In this study, field data that represent a broader 
range of variation in fuels was a bigger factor than collecting pre-fire 
field data. Such an approach can be accomplished following a wildfire 
in most places using a space-for-time sampling scheme, if the full range 
of fuel load or density can be captured using field data inside and 
outside the fire perimeter. Additionally, the approach of pooling data 
across time is supported by other studies. Fekety et al. (2015) found 
that RF imputation models could accurately predict fuel load across 
time, and that pooling field data from multiple years improved the 
models by capturing greater variability in fuel load among the reference 
observations. Zhao et al. (2018) also demonstrated the ability for 
models to be trained in one year and applied to another. These studies 
demonstrated the principle of temporal transferability and generality 
for ALS-derived biomass models. While this study did not directly test 
the space-for-time approach, these studies lend confidence to its ap
plicability, especially in fire research where pre-fire field data are 
scarce. These implications are encouraging for scientists and managers 
who have multiple ALS data collections without pre-fire field data. 

4.1.2. Spatial generalization 
Results from Global models using pre- and post-fire data from both 

fires were encouraging. At Las Conchas, total biomass consumption 
estimates were highly consistent across all three methods (i.e., PrePost, 
Pooled, and Global), suggesting both temporal and spatial transfer
ability are technically feasible. In addition to the lack of pre-fire field 
data, fire scientists and managers are often faced with the absence of 
any field data. Fekety et al. (2018) demonstrated that models for basal 
area could be successfully applied in similar ecosystems, thereby pro
viding estimates where field data are scarce or absent. The results of 
this study suggest that ALS-based models possess even greater gen
erality, as they were tested for two fires 1,600 km apart. However, the 
transferability of these models was not tested for ecosystems not in
cluded in the training data, which may be a topic for future research. 

For CBD, the global models consistently outperformed the pooled 
models in terms of fit and bias for both fires. Additionally, the average 
predicted decrease in CBD within the fire perimeter was consistent 
between the pooled and global models for both fires (−0.002 
(s.d. ± 0.013) kg m−3 versus −0.003 (s.d. ± 0.017) kg m−3 for Las 
Conchas, and − 0.053 (s.d. ± 0.045) kg m−3 versus −0.052 
(s.d. ± 0.048) kg m−3 for Pole Creek). CBD is an indicator of canopy 
fuel available to burn in a fire and a key measurement for determining 
whether an active crown fire will spread (Scott and Reinhardt, 2001). 
Quantification of ΔCBD using a global model across more fires could be 
used to assess how fire impacts re-burn potential and could provide 
mechanistic input for modelling crown fire. 

Total biomass consumption by the fire derived using the Pooled and 
Global models was equivalent at Las Conchas (224 Gg vs. 224 Gg) but 
differed significantly at Pole Creek (713 Gg vs. 552 Gg). Although total 
biomass consumption estimates for the Global model were similar to 
PrePost model (581 Gg), there are a few indicators that Global model 
might be preferable to the Pooled model at Pole Creek. First, the Global 
model did not exhibit erroneous increases in fuel outside the fire 
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perimeter like the PrePost model (Fig. 4). Second, while model fit was 
similar, the Global models exhibited less bias in CF, TF, and CBD than 
the PrePost or Pooled models (Table 4). This was also true for the Las 
Conchas fire (Fig. 2). Lastly, comparison with MODIS-derived FRE at 
Pole Creek (see Section 4.2; Fig. 6) produced lower residual error and a 
BCC close to estimates by prior studies when using the predictions from 
the Global model. 

4.1.3. Limitations 
Models for UF consistently performed worse than CF, TF, or CBD 

and may prove to be a limitation for applications focused on understory 
dynamics. However, the results also demonstrated that the models 
employed in this study have some sensitivity to woody fuels, litter, and 
duff, which provide little vertical distinction from the ground surface, 
are often occluded by forest canopies, and are therefore unlikely to be 
captured directly by ALS measurements. This illustrates the capability 
of other ALS metrics, including canopy attributes, to indirectly predict 
otherwise indistinguishable fuels. This idea is supported by other stu
dies that have estimated understory fuel components with ALS data 
(Bright et al., 2017; Jakubowksi et al., 2013; Pesonen et al., 2008; Price 
and Gordon, 2016). In fact, the r-squared values for the Pooled and 
Global UF models in this study (0.34–0.43), were comparable to results 
from Bright et al. (2017; 0.30) and (Jakubowksi et al., 2013; 0.48), who 
each observed better model performance by including both optical 
sensor imagery and ALS metrics in their models. Simultaneous collec
tion of ALS data and optical imagery has been shown elsewhere to more 
accurately distinguish the true ground surface from low-laying shrubs 
and herbaceous plants, thereby improving direct measurement of un
derstory vegetation height (Riaño et al., 2007). Future efforts will 
benefit from increasing availability of platforms that integrate ALS data 
and optical sensors such as NASA Goddard's Lidar, Hyperspectral and 
Thermal (G-LiHT) imager (Cook et al., 2013). However, the problem 

with achieving a well-fitting model also stems from the high spatial 
variability of fine fuels, which is difficult to capture in the field (Keane 
and Gray, 2013), and may therefore not improve much unless measured 
at a finer (sub-meter) scale. 

The goal of this study was to capture changes over a relatively short 
time-period (i.e., the length of the fire), yet data availability reduced 
certainty that fire was the only process being captured. ALS data were 
collected one year after the fire in the case of Pole Creek and two years 
after the fire in the case of Las Conchas. In that time scorched needles 
and fine branches fall off the trees, thereby changing the fuel profile. 
Additionally, some tree mortality is delayed, while many shrubs and 
herbaceous plants begin re-sprouting. Field observations were included 
if they were within three years of corresponding ALS data, which leaves 
some uncertainty as to what other ecological processes might have 
occurred between the field and ALS measurements. These issues were 
mitigated as best as possible, including comparison with the FACTS 
database. 

In terms of modelling, RF imputation is an alternative method that 
may improve estimation of UF (Fekety et al., 2015; Hudak et al., 2016a;  
Hudak et al., 2012). With nearest neighbor RF imputation, CF and UF 
could be predicted separately while maintaining the complex variance- 
covariance structure and ensuring that predictions are within the 
bounds of observations (Eskelson et al., 2009). This method has the 
distinct advantage of leveraging the connection between the understory 
and the canopy (Lydersen et al., 2015), where ALS estimation accuracy 
improves significantly. However, a drawback to this approach was 
discovered during exploratory analysis in this study. Because the re
sponse variable is limited to the values in the observation group, if the 
full range of variability is not captured or the sample size is too small, 
then a high degree of change can be observed in relatively unchanged 
areas when pre- and post-fire fuel estimates are differenced. Essentially 
this was seen to exacerbate the same problem observed with the PrePost 

Fig. 6. Fire radiative energy (FRE) compared with change in total fuel (ΔTF) for the Pole Creek, Oregon, fire using the difference between pre- and post-fire fuel 
estimates calculated using separate models trained with pre- and post-fire specific field data (PrePost model), models trained with the pooled collection of pre- and 
post-fire field data (Pooled model), and models using pooled data from both fires (Global model). The rows show how the relationship changes when only pixels with 
more Moderate Resolution Imaging Spectroradiometer (MODIS) observations are considered. The slope of the line represents the biomass combustion coefficient 
(BCC; kg MJ−1), which can be used to convert FRE to ΔTF. 
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model at Pole Creek. Specific sampling strategies such as oversampling 
rare structural condition and ensuring large sample size may improve 
the viability of this approach in future studies as well as being bene
ficial for the methods employed in this study (Eskelson et al., 2009). 

Finally, modelling approaches other than RF deserve consideration.  
Zhao et al. (2018) found that a linear model had better temporal 
transferability than RF when measuring forest biomass growth in 
Scotland. Additionally, a few other studies using multitemporal ALS 
data have employed a linear model rather than RF (Ma et al., 2018;  
Meng et al., 2018; Skowronski et al., 2014). Numerous other modelling 
approaches exist, which provide different advantages depending on the 
study. Alternatives such as this could be tested to see if they provide 
better results for spatial generalization of fuel consumption across 
multiple fires. 

4.2. Relationship between biomass consumed and fire radiative energy 

The average BCC derived in this study, 0.367 (s.d. ± 0.049) kg 
MJ−1, was derived under two important conditions. First, the number 
of MODIS observations was not a major factor at Pole Creek, but the 
difference across models using at least one MODIS observation and at 
least five was notable at Las Conchas. This was likely influenced by the 
greater number of overall observations, as 74% of MODIS pixels had at 
least five observations at Pole Creek compared to 39% at Las Conchas. 
The presence of clouds, overpass timing, and fire activity on the ground 
at the time of overpass are all variables that lead to different number of 
MODIS observations for different locations within the fire. Therefore, 
for a given fire multiple observations are not always possible, and the 
use of single observations are likely to lead to underestimation of bio
mass consumption. 

Second, applying a correction for canopy occlusion as proposed by  
Hudak et al. (2016b) improved the fit between ΔTF and MODIS-FRE 
and impacted the final BCCs. Using at least five observations, un
corrected BCCs averaged 0.130 kg MJ−1 higher than the corrected 
values. This effect was slightly more pronounced at Las Conchas, which 
saw less stand replacing fire than Pole Creek. Multiple studies have 
noted the impact of forest canopy, demonstrating that estimated con
sumption of surface fuels decreases linearly with increased canopy oc
clusion (Mathews et al., 2016; Roberts et al., 2018). The results of this 
study suggest that canopy occlusion is an important factor to consider 
for future MODIS-based estimated of biomass consumption. 

The BCC values of this study (0.367 (s.d. ± 0.049) kg MJ−1) are 
highly consistent with values proposed by others. The most similar 
study in terms of scale of analysis (i.e., multiple fires) is Li et al. (2018), 
which arrived at a slightly lower value of 0.301 kg MJ−1 using MODIS 
FRE across 445 fires. Several laboratory experiments, such as (Wooster 
et al., 2005; 0.368 kg MJ−1) and (Smith et al., 2013; 0.325 kg MJ−1), 
are very close to the BCC derived here. The average BCC in the study is 
below laboratory-derived estimates from (Freeborn et al., 2008; 0.453 
kg MJ−1) and higher than the field-based experiment conducted by 
(Kremens et al., 2012; 0.2986 kg MJ−1). 

Wooster (2002) and Wooster et al. (2005) suggested that FRE is 
linearly related to biomass consumption regardless of fuel geometry 
and vegetation type. This idea is corroborated by the fact that similar 
BCCs were derived at both fires in this study, despite the fires occurring 
in different ecosystems. Confirming a consistent BCC at multiple scales 
has broad implications for estimating regional and global biomass 
consumption and, in turn, carbon emission estimates. It suggests that 
MODIS FRE provides a valuable alternative to the burned area ap
proach presented by Seiler and Crutzen (1980), as it does not require 
pre-fire fuel load or combustion completeness. However, sufficient 
MODIS observations and accounting of canopy occlusion should be 
considered. Future work to accurately estimate carbon emissions from 
fires globally will likely rely on a suite of products, which include 
burned area estimates, FRE retrieval, and models for fuel load con
sumption. 

5. Conclusion 

This study explores a relatively new method for estimating land
scape-scale fuel consumption by using multitemporal airborne laser 
scanning (ALS) data calibrated with pre- and post-fire field data. Most 
importantly, the analysis demonstrated that capturing a broad range of 
fuel conditions in the training data is more important than having se
parate pre- and post-fire models. Due to the unpredictable nature of 
wildfire, pre-fire field observations are typically rare. Therefore, these 
results are noteworthy for scientists and managers who have pre- and 
post-fire ALS data collections and wish to use a space-for-time approach 
to capture pre-fire fuel load or fuel density. This study also found that 
models could be generalized to estimate fuel consumption between two 
forested ecosystems in the western U.S. and that, like pooling pre- and 
post-fire field data, using data from multiple fires yielded comparable 
results. Analysis confirmed the linearity of the relationship between 
change in total fuel load (ΔTF) and fire radiative energy (FRE) and the 
resulting biomass combustion coeifficients (BCCs) were comparable to 
those derived in laboratory and small field-based experiments. 
Additionally, this study found that accounting for canopy occlusion and 
using areas with multiple Moderate Resolution Imaging 
Spectroradiometer (MODIS)-FRE observations were both important 
factors. These results highlight considerations that should be made 
when estimating biomass consumption from MODIS-FRE and support 
prior work synthesizing a consistent BCC at multiple scales. 
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