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Comparing biomass consumption estimated from point cloud data 
versus long-wave infrared imagery during prescribed growing season 
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ABSTRACT 

Background. Researchers have developed technologies for fine-scale characterization of fuels via 
laser scanning and fine-scale measurement of surface fire behavior via terrestrial long-wave 
infrared (LWIR) imaging. Few studies have compared these technologies for their ability to 
estimate fuel consumption. Aims. Here we compare fuel consumption estimated from point 
cloud data with fuel consumption estimated from LWIR imagery collected during prescribed 
burns of pine woodlands in the southeastern United States. Methods. We adapted existing 
methods to estimate and map pre- and post-fire fuels and fuel consumption across several 
prescribed burn units. We related mapped estimates of fuel consumption to coincident esti
mates of fuel consumption based on energy release calculations derived from LWIR imaging. Key 
results. Fuel consumption estimated from point cloud data was positively and significantly 
related to LWIR-derived consumption estimates at LWIR plots (R2 = 0.72, n = 14). Conclusions. 
We demonstrate a methodology for mapping fuel consumption from laser scanning data that 
provides consumption estimates comparable to those of LWIR imagery. Implications. Our 
findings highlight the relative importance of both surface and understory fuels to fire effects 
in fire-dependent pine woodlands of the southeastern United States, and the need for more 
research examining relationships between LWIR imagery and combusted fuels.  

Keywords: airborne laser scanning, fire radiative energy, fuel consumption mapping, fuel 
mapping, litter, long-wave infrared imagery, North America, pine woodlands, predictive modeling, 
prescribed fire, remote sensing, southeastern United States, surface fire, terrestrial laser scanning, 
understory fuel. 

Introduction 

Spatially explicit, fine-scale (0.01–1 m spatial resolution) characterization of fuel, fire 
behavior and fuel consumption is needed in the many ecosystems where fine-scale 
heterogeneity in fuels drives fire behavior and its many ecological effects (Hiers et al. 
2009; O’Brien et al. 2016; Ritter et al. 2020). Such characterization is particularly 
challenging in surface fire-maintained grassy or shrubby savannas and woodlands 
where trees influence the spatial distribution of fire. In pine woodlands of the southeast
ern United States, high-resolution remote sensing methods have been demonstrated for 
(1) mapping understory fuels (defined here as shrubs and grass 0.1–2 m aboveground) 
and surface fuels (defined here as litter and fine woody debris 0–0.1 m aboveground) at 
fine scales, especially via terrestrial laser scanning (TLS) trained with field observations 
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(e.g. Loudermilk et al. 2009, 2023), (2) modeling and map
ping surface fuels from airborne laser scanning (ALS)  (Sánchez- 
López et al. 2023), and (3) measuring fine-scale surface fire 
behavior via terrestrial longwave infrared (LWIR) thermogra
phy (Loudermilk et al. 2014; O’Brien et al. 2015, 2016). 
However, few studies have examined relationships between 
point cloud-derived fuel estimates and surface fire behavior 
as measured by high-resolution LWIR thermography (Hiers 
et al. 2009; Loudermilk et al. 2012; O’Brien et al. 2016). 
These two alternative approaches can be used to estimate 
fuel consumption either indirectly (derived from pre-and 
post-fire point clouds and field observations; French and 
Hudak 2023) or directly (derived from active fire thermogra
phy). More studies evaluating both direct and indirect methods 
for estimating fuel consumption are needed. 

Here we describe a methodology for estimating fuel con
sumption by combining TLS-derived estimates of understory 
fuels, defined here as grass and shrubs 0.1–2 m above
ground, with ALS-derived estimates of surface fuels, defined 
here as downed woody debris, leaf litter and other herba
ceous material 0–0.1 m aboveground. We compare these 
point cloud estimates of fuel consumption with fuel con
sumption estimated from fire radiative energy measured 
via high-resolution LWIR thermography in frequently 
burned pine woodlands in the southeastern United States. 
Our goal is to validate indirect laser scanning methods with 
more established direct LWIR methods and to demonstrate 
an alternative method for estimating fuel consumption that 
does not require real-time LWIR imagery. 

Several studies have shown how TLS, in which the light 
detection and ranging (lidar) scanning instrument is 
mounted above the vegetation layer on a ground-based 
tripod or pole, can be used to estimate subcanopy and 
near-ground vegetation and fuels (see table 1 of Maxwell 
et al. 2023). In these approaches, field observations are used 
to train statistical models relating field-measured vegetation 
attributes to TLS point cloud data. Statistical models can 
then be applied across point cloud extents to estimate fine- 
scale (0.01–1 m spatial resolution) vegetation characteris
tics for areas that are larger than could be realistically 
sampled via field measurements alone (Pokswinski et al. 
2021). Multitemporal TLS applied before and after distur
bance events can be used to assess fine-scale vegetation 
change, such as consumption by fire (Hudak et al. 2020;  
Loudermilk et al. 2023). However, challenges remain in 
using TLS sensors to accurately estimate shrubs, herbaceous 
and small trees in the subcanopy as well as litter and dead 
down woody fuels near the surface. First, TLS point cloud 
data in vegetative areas usually include occlusion artifacts. 
Occlusion occurs when an object nearer the TLS sensor 
obstructs an object behind it from detection by the laser. 
In other words, the TLS laser needs a clear line of sight to 
sense objects, and occlusion occurs when this line of sight is 
obstructed. An example of occlusion is a tree bole near the 
TLS blocking vegetation behind the tree bole from being 

sensed by the laser. Occlusion can lead to ‘no data’ voids or 
incomplete measurement of vegetation (Wallace et al. 
2017). Occlusion can partly be overcome by imaging areas 
of interest from multiple angles, although in areas of dense 
vegetation occlusion in TLS point cloud data will still be 
present. Second, directly measuring variation in surface fuels 
is challenging because of the difficulty in discriminating the 
ground surface returns from the near-surface fuel layer returns 
for reliable estimates of surface fuel bed depth. This limitation 
can partly be overcome by predicting surface fuels indirectly 
from overstory and biophysical correlates and an understand
ing of spatial associations (Lydersen et al. 2015; Hudak et al. 
2016b; Chen et al. 2017; Bright et al. 2022; Hoffman et al. 
2023; McDanold et al. 2023; Sánchez-López et al. 2023). 

LWIR thermography, in which sensors measure LWIR 
radiation emitted by burning surfaces, is a remote sensing 
technology that can be used to quantify fire behavior and effects 
through space and time at submeter to fire-size (thousands of 
hectares) scales (Dickinson et al. 2015; O’Brien et al. 2015). 
Fire-emitted LWIR has been shown to be related to burn severity 
(Heward et al. 2013), combusted fuel type (Loudermilk et al. 
2012) and fuel consumption (Wooster et al. 2005; Freeborn 
et al. 2008; Kremens et al. 2012; Hudak et al. 2016a). A strong 
positive correlation (R2 = 0.88–0.98) between fire radiative 
energy (FRE, the integral of fire radiative power (FRP)) and fuel 
consumption has been demonstrated in small fire experiments, 
as predicted by theory (e.g. Wooster et al. 2005; Freeborn et al. 
2008). However, certain limitations to interpreting LWIR data 
can cause discrepancies between observed LWIR radiation and 
expected consumption at fire-size (thousands of hectares) 
scales, specifically related to properly calibrating LWIR imagery 
to FRP by LWIR sensor view angle, atmospheric absorption 
of LWIR, and the assumption of blackbody radiation from 
fires (Dickinson et al. 2015). Other possible LWIR limitations 
that have been described are (1) LWIR undersampling that can 
result in underprediction of expected consumption (Hudak et al. 
2016a), which can be partially overcome through LWIR inter
polation (Boschetti and Roy 2009; Klauberg et al. 2018), and (2) 
occlusion of fire-emitted LWIR by vegetation that can lead to 
LWIR measurement bias in estimates of consumption (Hudak 
et al. 2016a). Thus, the relationship between LWIR imagery and 
imaged phenomena should be thoroughly examined when used 
in remote sensing analyses, and more work is needed to investi
gate how LWIR imagery relates to fire effects at multiple scales. 

Here, we investigate the relationship between high- 
resolution estimates of understory and surface fuel con
sumption derived from TLS and ALS point cloud data and 
LWIR imagery in frequently burned pine woodlands of the 
southeastern United States. To the degree that results from 
these approaches correspond to one another, we may gain 
confidence in both and benefit from the potential advan
tages of using lidar-based methods in future applications. 
Our research objectives were to: (1) develop models predict
ing understory fuel and understory fuel consumption 
from pre- and post-fire TLS point cloud data, following the 
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methodology of Hudak et al. (2020), (2) improve upon the 
methods of Hudak et al. (2020) by combining these TLS- 
derived understory fuel estimates with ALS-derived surface 
fuel estimates derived from the approach of Sánchez-López 
et al. (2023), and (3) compare these mapped estimates of 
fuel consumption with those derived from LWIR thermogra
phy (Fig. 1); our goal for this comparison was to evaluate 
which indirect point cloud-based method provides more 
comparable consumption estimates to the direct LWIR- 
based method. Our hypothesis is that accounting for all 
fuel components consumed (both understory and surface) 
should produce a closer 1:1 relationship than considering 
only understory alone. 

Materials and methods 

Study areas 

The study was conducted on three burn units (PHP1, PHP2, 
PHP3) within Pebble Hill Plantation (PHP), which covers 
1222-ha in southwestern Georgia, USA, near the Florida 

border (30.76349°N, 84.09093°W, Fig. 2). Pine woodlands 
at Pebble Hill are maintained by frequent prescribed burning, 
usually every 1–2 years. Native upland longleaf pine (Pinus 
palustris Mill.) with a wiregrass (Aritistida stricta Michx.) 
understory dominates areas undisturbed by previous tilling 
for row crop agriculture (Carr et al. 2010; Florida Natural 
Areas Inventory 2010; Ostertag and Robertson 2007). Terrain 
is gently sloping with well-drained sandy and loamy soils 
over clay- and sand-dominated subhorizons (Ostertag and 
Robertson 2007). Annual precipitation averages 1390 mm. 
Average minimum and maximum July temperatures at PHP 
are 22.2 and 30.0°C, respectively. Average minimum and 
maximum January temperatures are 4.3 and 16.8°C, respec
tively (1991–2020 climate normals from 800 m PRISM grids, 
https://prism.oregonstate.edu/normals/). 

To increase the sample size in our point cloud- and LWIR- 
derived consumption comparison, we included data from 
the study of Hudak et al. (2020), where TLS-derived esti
mates of biomass consumption, ALS-derived estimates of 
surface fuel consumption and LWIR-estimated consumption 
were available within four burn units (16D1, 16D5, 24A7, 
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scanning

Field observations

Post-fire surface
biomass

Pre-fire surface
biomass

Post-fire understory
biomass

Terrestrial laser
scanning

Pre-fire understory
biomass

Random forest
modeling

Sánchez-López
et al. (2023)

LWIR

LIDAR

Fire radiative
energy

Hudak et al. (2016a) Total biomass
consumption
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consumption

Surface biomass
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Fig. 1. Methodological workflows used in this study for estimating biomass consumption with light 
detection and ranging (lidar) and long-wave infrared (LWIR) imagery. In the lidar method, field measurements 
of biomass are used to train a random forest model with terrestrial laser scanning (TLS) data as input to 
predict spatial distribution of understory biomass. Understory biomass is defined here as biomass residing 
between 0.1 and 2 m aboveground. Surface biomass, defined as biomass residing between 0 and 0.1 m 
aboveground, is estimated using the method of  Sánchez-López et al. (2023), in which leaf litter biomass is 
estimated from airborne laser scanning (ALS) data and years since fire using models they established. 
Consumption is calculated indirectly by differencing pre- and post-fire biomass estimates. In the LWIR 
method, LWIR imagery is integrated and converted to fire radiative energy, from which biomass consumption 
is estimated directly with the equation of  Hudak et al. (2016a). Colored arrows and text indicate modeling 
methodologies.   
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24B8) in a similar frequently burned southern pine wood
land in Fort Jackson, South Carolina (34.045263°N, 
80.833969°W, Fig. 2). Like PHP, Fort Jackson contains 
pine woodlands dominated by longleaf and slash pine 
(Pinus elliottii Engelm.), which are maintained by frequent 
(2–5 year) prescribed burning, with the goal of facilitating 
military training and conserving red-cockaded woodpecker 
(Picoides borealis) habitat. Fort Jackson occurs in the 
Carolina Sandhills region, which is characterized by low 
topographic relief and well-drained sandy soils (Swezey 
et al. 2016). Hudak et al. (2020) details the process of 
estimating understory (0.1–2 m aboveground) biomass con
sumption from TLS data at Fort Jackson. We summarize 
their methods and describe our process for imitating their 
methods at PHP, in the following methods descriptions. 

In April 2018, PHP unit ‘PHP1’ was prescribed burned 
(Fig. 2b). On 17 and 18 June 2019, the ‘PHP1’ unit was 
again prescribed burned, along with units ‘PHP2’ and 
‘PHP3’, which had been burned 2 years prior in 2017. Units 
‘16D1’, ‘16D5’, ‘24A7’, and ‘24B8’ within Fort Jackson were 

prescribed burned in May 2018 after not being burned for 
2 years (Fig. 2c–e). For each fire, crews established black lines 
downwind and lit variably spaced head fires across units. 

Field observations of biomass 

We made three-dimensional (3D) field observations of bio
mass for various heights above ground on 14 plots across 
‘PHP1’ in April 2018 and 26 plots across ‘PHP1’, ‘PHP2’, and 
‘PHP3’ in June 2019 following the methodology of Hawley 
et al. (2018) (Fig. 2a). 3D plot dimensions were 0.5 m wide, 
0.5 m deep, and 2 m high. We destructively harvested 
biomass in 10 cm height strata for the 10 height strata 
between 0 and 1 m aboveground, i.e. each stratum had a 
volume of 0.5 m × 0.5 m × 0.1 m = 0.025 m3. We also 
harvested biomass between 1 and 2 m aboveground but not 
in 10cm height strata; we therefore did not include biomass 
measurements between 1 and 2 m aboveground in models. 
Understory biomass was practically nonexistent above 2 m 
and was therefore ignored. We marked the northwestern 
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Fig. 2. Burn unit boundaries and locations of field observation plots and long-wave infrared (LWIR) 
imagery plots within Pebble Hill Plantation (PHP), Georgia and Fort Jackson, South Carolina (Panel a). 
Unit ‘PHP1’ in PHP was burned and measured in 2018, and units ‘PHP1’, ‘PHP2’, and ‘PHP3’ were burned 
and measured in 2019 (Panel b). Units ‘16D1’, ‘16D5’, ‘24A7’, and ‘24B8’ in Fort Jackson were burned in 2018 
(Panels c–e). Both pre- and post-fire terrestrial laser scanning (TLS) data were gathered across each unit. 
Background imagery is true-color National Agriculture Imagery Program (NAIP) imagery.   
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corners of plots with conduits and recorded conduit loca
tions with global navigation satellite system (GNSS) receiv
ers, so that we could later visually identify and adjust plot 
locations to align with coincident georeferenced TLS- 
derived point clouds. In 2018, we sampled seven plots pre- 
fire and seven plots post-fire. In 2019, we sampled 20 plots 
pre-fire, but because of a heavy precipitation and wind 
event that occurred immediately post fire and disturbed 
post-fire conditions, we destructively sampled only six of 
20 planned post-fire plots. Following fieldwork, we dried 
biomass samples at 70°C for 48 h and weighed them imme
diately afterwards. At Fort Jackson in 2018, we also used 
the sample protocol of Hawley et al. (2018) to collect 32 (16 
pre-fire and 16 post-fire) 3D plot observations of biomass 
(Fig. 2c–e). 

We collected fuel moisture samples of both surface and 
understory components at several locations within or imme
diately adjacent to burn units on the day of the burns to 
calculate fuel water content. Targeted sample weights in 
PHP in 2018 and 2019 were 400 and 25 g, respectively; 
the targeted sample weight at Fort Jackson was 100 g. We 
recorded wet weights of fuel moisture samples within 1 h of 
collection in the field; samples were stored in plastic bags 
during this time. We later oven-dried fuel moisture samples 
at 70°F for 48 h and recorded dry weights. We then calcu
lated fuel water content (FWC) for each sample using the 
following equation: 

FWC = WW DW
WW

× 100 (1)  

where FWC is fuel water content (%), WW is wet weight (g) 
and DW is dry weight (g). 

Terrestrial laser scanning 

In both 2018 and 2019, we used a RIEGL VZ-2000 TLS to 
collect point cloud data across burn units at PHP both before 
and after prescribed burning. We conducted TLS scans at 
several locations across each burn unit pre- and post-fire, 
placing scan locations in a systematic grid that ensured 
complete and consistent coverage of burn units. In 2018, 
we took 15 scans pre-fire and 14 scans post-fire across burn 
unit ‘PHP1’. In 2019, we took 29 scans pre-fire and 30 scans 
post-fire across burn units ‘PHP1’, ‘PHP2’, and ‘PHP3’. Pre- 
and post-fire scan locations were the same. We registered 
individual scans automatically in RiSCAN Pro 2.8, then 
filtered for noise. Points closer than 2 m or farther than 
30 m from the scanner head were removed. We merged 
individual scans by burn unit, deleting duplicate points, 
defined as points from different scans that were within 
6 mm of each other. We clipped the ensuing point clouds 
by hand in the CloudCompare software package to each 
burn unit extent plus a ~5 m buffer. This resulted in a 
total of two point clouds in 2018 (one pre-fire and one 
post-fire point cloud covering burn unit ‘PHP1’) and six 

point clouds in 2019 (pre-fire and post-fire point clouds 
for burn units ‘PHP1’, ‘PHP2’, and ‘PHP3’). 

We classified point clouds as ground and non-ground 
using the ‘classify_ground’ and ‘csf’ (cloth simulation filter
ing) functions of the ‘lidR’ R package (Zhang et al. 2016;  
Roussel et al. 2020; R Core Team 2022; Roussel and Auty 
2022). To optimize ground classification accuracy, we ran 
many iterations of the ‘classify_ground’ function, varying 
the class threshold, cloth resolution, rigidness parameters 
of the ‘csf’ function. We identified parameters that maxi
mized agreement, as measured by Pearson’s correlation 
coefficient, between TLS point cloud density and 3D bio
mass observations. We found that a class threshold of 
0.01 m, a cloth resolution of 0.1 m, and a rigidness value 
of one maximized agreement, and therefore used these cloth 
simulation filtering parameters for ground classification. We 
then normalized point cloud heights to heights above ground 
using the ‘normalize_height’ function of the ‘lidR’ R package; 
we used the ‘tin’ algorithm and ground-classified points to 
create the underlying ground surface with which point heights 
were height normalized. We located tree boles and manually 
digitized bole extents via 5 cm digital surface models created 
from points with aboveground heights between 0 and 2 m. We 
then clipped tree bole points within this stratum from point 
clouds using the ‘clip_roi’ function of the ‘lidR’ R package to 
exclude these points from analysis and mapping. 

Because of GNSS error, 3D biomass plot locations mea
sured via GNSS in the field differed from 3D biomass plot 
locations as recorded in TLS point clouds by 0–1 m. However, 
GNSS-measurements were useful in locating 3D biomass plot 
conduits in TLS point clouds. After adjusting the GNSS plot 
locations accordingly following Hudak et al. (2020), we used 
these ‘corrected’ locations of biomass plot conduits in TLS 
point clouds clip out points coincident with each of the 40 3D 
biomass plots (14 2018 plots and 26 2019 plots). 

We created three TLS point cloud voxel metrics from 
point clouds clipped to the 40 3D biomass plot extents, to 
be used for modeling (Table 1), using the ‘voxelized_points’, 
‘cloud_metrics’ and ‘pixel_metrics’ functions of the ‘lidR’ R 
packages (Roussel et al. 2020; Roussel and Auty 2022). 
Occupied Voxel Density is a measure of occupied space 
(Hudak et al. 2020), whereas porosity is a measure of 
unoccupied space (Rowell et al. 2020). We created TLS 
height metrics at a resolution identical to the 0.025 m3 

Table 1. Terrestrial laser scanning (TLS) metric descriptions.    

Metric name Metric description   

Occupied voxel 
density 

Density of 0.001 m3 (0.1 m × 0.1 m × 0.1 m) occupied 
voxels ( Hudak et al. 2020) 

Porosity (1 − (sum of 1 cm3 (1 cm × 1 cm × 1 cm) occupied 
voxels/25,000 cm3)) × 1000 ( Rowell et al. 2020) 

Height Voxel height above ground (cm) 

We considered voxel metrics, created at a resolution of 0.025 m3 (0.5 m × 
0.5 m × 0.1 m), as predictors of field-observed biomass.  
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(0.5 m × 0.5 m × 0.1 m) observed biomass sampling resolu
tion. We also created Voxel metric grids across TLS point cloud 
extents, at a resolution of 0.025 m3 (0.5 m × 0.5 m × 0.1 m) 
for 10-cm height increments between 0.1 and 2 m above
ground, to be used for biomass mapping. 

At Fort Jackson, Hudak et al. (2020) used an LMS 511 
(SICK Inc.) TLS to collect pre- and post-fire point cloud data 
across the four 2018 burn units. See Hudak et al. (2020) for 
details of the Fort Jackson TLS data processing. Briefly here, 
they took TLS scans at the corners and midpoints of each of 
the four burn units pre- and post-fire. To merge scans, they 
positioned four to eight reflective targets around the periph
ery of the scan locations, to be used as tie points. One 
notable difference between Hudak et al. (2020) and this 
study was that occupied voxel density was the only predic
tor metric created by Hudak et al. (2020) for predicting 
field-observed biomass, while this study also considered 
porosity and height (Table 1). 

Long-wave infrared imagery 

We acquired terrestrial LWIR imagery during PHP prescribed 
burning at four locations in 2018 and six locations in 2019 
(Fig. 2). At each of the 10 locations, we mounted a LWIR 
camera with a 480 × 640 pixel array on a jibboom pointed 
downward. In 2018, we mounted cameras at each location 
5.2 m aboveground to image areas of approximately 17.8 m2 

(3.65 m × 4.88 m, pixel resolution of 0.76 cm) from nadir. 
In 2019, we mounted cameras at each location 8.2 m 
aboveground to image areas of approximately 44.4 m2 

(5.77 m × 7.69 m, pixel resolution of 1.20 cm) from nadir. 
We took LWIR images within each extent at 1 Hz intervals as 
the burn progressed. Burning durations within the LWIR 
extents varied from 3 to 31 min, with visually estimated 
flame lengths that ranged from 0.3 to 2 m and visually 
estimated rates of spread of 0.01–0.02 m s−1. 

We calibrated LWIR imagery from digital numbers to 
watts, then integrated images in units of watts per pixel to 
create fire radiative energy density (FRED) rasters in units of 
megajoules (MJ) m−2. We collected GNSS locations of LWIR 
extents so that FRED imagery could be related to TLS data 
products. At Fort Jackson, we gathered LWIR imagery at 
four locations using the same process as described above, 
except the same LWIR cameras were mounted on shorter 
poles, such that smaller areas of approximately 7.1 m2 

(2.3 m × 3.1 m, pixel resolution of 0.48 cm) were imaged 
for creation of FRED rasters. We accounted for differing 
LWIR imagery extents and resolutions caused by different 
LWIR camera heights by normalizing with differing areas 
when calculating FRED. 

We averaged FRED rasters by LWIR extent and converted 
average FRED to consumption estimates using the equation 
of Hudak et al. (2016a): 

FC = FRED/rf/hc (2) 

where FC is fuel consumption in g m−2, FRED is fire radia
tive energy density in MJ m−2, rf is a fire radiative fraction 
constant of 0.18, and hc is a heat of combustion constant of 
0.017552 MJ g−1. We initially attempted to use the equa
tion of Smith et al. (2013) for this conversion, as it accounts 
for the effect of fuel moisture when estimating fuel con
sumption from fire radiative energy, and we observed 
much greater fuel moisture in the understory fuels (mean 
FWC of 52 that ranged from 31 to 73%) compared to the 
surface fuels (mean FWC of 12 that ranged from 4 to 33%). 
However, the high understory fuel FWCs we observed for 
these growing season burns resulted in spurious consump
tion estimates when using the equation of Smith et al. 
(2013), which they developed using dead pine needles 
with FWCs ranging from 0 to 14% and hence is only valid 
for FWCs <57%. We therefore ignored the effect of fuel 
moisture on observed fire radiative energy. We also esti
mated consumption from FRED with the equations of  
Wooster et al. (2005) and Freeborn et al. (2008). Because 
the equations of Wooster et al. (2005), Freeborn et al. (2008) 
and Hudak et al. (2016a) effectively multiply FRED by a 
scalar to calculate consumption, they all gave consumption 
estimates that were identically strongly correlated with laser- 
estimated consumption. We ultimately chose to use the equa
tion of Hudak et al. (2016a) because we were working in the 
same ecosystem as Hudak et al. (2016a) and it resulted in the 
smallest root mean squared error (RMSE) between laser- and 
LWIR-estimated consumption. 

Training terrestrial laser scanning predictions with 
observed understory biomass 

We created models for PHP predicting field-observed bio
mass from 3D TLS point cloud metrics, in which each 
0.025 m3 volume was a modeling sample. We trained pre
dictive models with field-observed biomass and correspond
ing 3D TLS metrics in only the 0.1–1 m height strata, 
because (1) we could not find a strong relationship between 
field-observed biomass and TLS metrics in the surface 
(0–0.1 m aboveground) stratum and (2) field-observed bio
mass was not resolved into 10 cm height strata above 1 m. 
Therefore, the total number of 0.025 m3 biomass/TLS metric 
pairs available for model creation was 359 (40 plots × 9 
height strata – 1 missing field observation). Of these, 242 
were pre-fire pairs and 117 were post-fire pairs. We used R 
(R Core Team 2022) to create the models. We explored 
creating a parametric linear model versus a nonparametric 
random forest (RF) model (Breiman 2001; Liaw and Wiener 
2002). We assessed model performance with the coefficient 
of determination (R2) and RMSE between observed versus 
predicted biomass. We assessed the performance of models 
in predicting new observations with 10-fold cross validation 
implemented in the ‘caret’ R package (Kuhn 2022). 

We applied final biomass models to TLS metric grids of 
the 0.1–2 m height strata to map biomass at these heights 
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across TLS extents. We summed pre- and post-fire biomass 
predictions for each 0.1 m height stratum for each 
0.5 m × 0.5 m grid cell, to create two-dimensional maps 
of biomass density in units of g m−3. By differencing pre- 
and post-fire biomass maps, we also mapped predicted bio
mass consumption in units of g m−3. R, along with the ‘terra’ 
R package, was used for map creation (R Core Team 2022;  
Hijmans 2022). 

At Fort Jackson, Hudak et al. (2020) related field- 
observed biomass to occupied voxel density via a least- 
squares fit in which biomass was natural log transformed 
(fig. 8 of Hudak et al. 2020). They applied this model 
(R2 = 0.32) to pre- and post-fire TLS extents to map pre- 
and post-fire biomass, which they then differenced to map 
biomass consumption. Because no clear relationship existed 
between observed surface biomass (0–0.1 m) and occupied 
voxel density, they did not include surface biomass in their 
models. Mapped estimates therefore represented understory 
biomass consumption 0.1–2 m aboveground. 

Surface fuel biomass estimated from airborne laser 
scanning 

As described above, we were unable to predict biomass from 
TLS data in the near-ground 0–0.1 m height strata, where a 
large portion of field-observed biomass resided (averaging 
72% and ranging from 29 to 100% across our 40 3D biomass 
plots at PHP). Rather than ignore this important fuel stratum 
at ground level, we used mapped leaf litter estimates of  
Sánchez-López et al. (2023), which were developed and 
available for both PHP and Fort Jackson. In this approach, 
ALS data are segmented into tree objects, for which crown 
foliage biomass and annual leaf litterfall is estimated and 
mapped at 5 m spatial resolution. Leaf litter accumulation 
is then estimated through a spatially explicit implementation 
of the accumulation model of Olson (1963), which accounts 
for years since last fire and decomposition (Gholz et al. 2000;  
Senay and Kagone 2019) as additional model parameters. 

The litter maps of Sánchez-López et al. (2023) represent 
tree leaf litter, which is only one surface fuel component. 
The total surface fuels could include fine dead materials from 
shrubs and herbs, bark tissue, reproductive buds, etc. and fine 
downed woody material (<2.6 cm diameter). To more realisti
cally represent total surface fuel and consumption, we applied 
multipliers to the litter maps of Sánchez-López et al. (2023). 
Field observations showed that the proportion of tree leaf litter 
to total surface fuel consistently averaged 0.5 1–2 years post- 
fire for several study areas within pine woodlands of the south
eastern United States (Strategic Environmental Research 
and Development Program (SERDP) Project RC19-1064). 
Furthermore, field data showed a positive linear relationship 
between leaf litter and other fine surface fuel components sug
gesting that tree canopy inputs drive total surface fuel loads in 
these ecosystems; we therefore multiplied the litter maps of  
Sánchez-López et al. (2023) at Fort Jackson by 2 (1/0.5) to 

account for all surface fuel components, as we did not have 
data on litter type proportion specific to Fort Jackson. At PHP, 
we had access to 179 0.25 m2 (0.5 × 0.5 m) litter plots that were 
measured within or in the vicinity of PHP burn units ‘PHP1’, 
‘PHP2’, and ‘PHP3’ 1–2 years post-fire between 2006 and 2019. 
We were therefore able to calculate a PHP-specific proportion of 
tree leaf litter to total surface fuels; that proportion averaged 
0.20. We therefore multiplied the tree leaf litter maps of  
Sánchez-López et al. (2023) at PHP by 5 (1/0.2) to account for 
all surface fuel components. Although varying this multiplier 
affected the magnitude of laser-estimated surface fuels and con
sumption, it did not have a significant effect on the positive 
relationship between laser- and LWIR-estimated consumption; 
thus we feel our methodology is robust to a specific multiplier, 
which might vary by study area and time since fire. 

Rather than use a post-fire surface fuel value of 40 g m−2

assumed by the modeling approach of Sánchez-López et al. 
(2023), we calculated average consumption of biomass in 
the 0–0.1 m height stratum for our 40 3D biomass plots at 
PHP, which was 66%, and multiplied the pre-fire surface 
fuel maps by the inverse of this proportion (0.34) to gener
ate post-fire surface fuel maps. At Fort Jackson, average 
observed consumption of surface fuels was 78%, so we 
multiplied pre-fire surface fuel maps by 0.22 to generate 
post-fire surface fuel maps. Pre- and post-fire surface fuel 
maps were differenced to map surface fuel consumption, 
resampled to a spatial resolution of 0.5 m, and added to 
TLS-derived maps of biomass consumption in the 0.1–2 m 
height strata to estimate total consumption 0–2 m above
ground. The same approach was used to generate post-fire 
surface fuel and consumption maps at Fort Jackson. 

Relationship between LWIR- and laser-estimated 
biomass consumption 

We mapped estimates of biomass consumption for the 10 LWIR 
extents at PHP where we had estimated FRED, and we com
pared laser-estimated consumption and average LWIR- 
estimated consumption via scatterplot. Because of this small 
number of sample points (n = 10), we also included the four 
additional LWIR images from Fort Jackson for corroboration 
(Hudak et al. 2020). We compared LWIR-estimated consump
tion to both (1) understory fuel consumption (0.1–2 m above
ground, estimated from TLS) and (2) the summation of 
understory fuel consumption (0.1–2 m aboveground) and sur
face fuel consumption (0–0.1 m aboveground, estimated with 
the methodology of Sánchez-López et al. (2023)). 

Results 

Field observations of biomass 

At PHP, field observed pre-fire biomass density (0.1–1 m above
ground) across the 27 pre-fire plots averaged 316 g m−3 for the 
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0.025 m3 cells and ranged from 0 to 2166 g m−3. Field 
observed post-fire biomass density (0.1–1 m aboveground) 
across the 13 post-fire plots was lower, averaging 149 g m−3 

and ranging from 0 to 1057 g m−3. We therefore estimated 
average observed consumption between 0.1 and 1 m above
ground to be 167 g m−3 (53%) at PHP. At Fort Jackson, field 
observed pre-fire biomass density (0.1–2 m aboveground) aver
aged 556 g m−3 and ranged from 8 to 3166 g m−3, while field 
observed post-fire biomass density averaged 379 g m−3 and 
ranged from 14 to 1614 g m−3. We therefore estimated average 
understory fuel consumption to be 177 g m−3 (32%) at Fort 
Jackson (Hudak et al. 2020). 

As expected, observed biomass density was greatest near 
the ground and decreased with increasing height. Surface 
(0–0.1 m aboveground) pre-fire biomass density at PHP 
averaged 713 g m−3 and ranged from 284 to 1500 g m−3. 
Surface (0–0.1 m aboveground) post-fire biomass density 
averaged 243 g m−3 and ranged from 25 to 909 g m−3. 
We therefore estimated average surface (0–0.1 m above
ground) observed biomass consumption at PHP to be 
469 g m−3 (66%). At Fort Jackson, surface fuel density 
averaged 1012 and 220 g m−2 pre- and post-fire, respec
tively. We therefore estimated average surface fuel consump
tion to be 792 g m−2 (78%) at Fort Jackson (Hudak et al. 
2020). Observed FWC of the understory live shrub and 
herbaceous fuel averaged 52% and ranged from 31 to 73% 
(Table 2). Observed FWC of surface fuels was less, averaging 
12% and ranging from 4 to 33%. FWC of both the understory 
and surface fuels was greater at Fort Jackson. 

Training terrestrial laser scanning predictions with 
observed understory biomass 

All three predictor variables (occupied voxel density, poros
ity and height) were significant and important in both 
parametric linear and nonparametric RF models trained 
with PHP data. The RF model outperformed the linear 
model in terms of R2 and RMSE, with linear and RF models 
explaining 40 and 53% of the variation in observed biomass, 

respectively (Fig. 3). Moreover, the parametric linear model 
required that the response variable be square-root trans
formed to distribute model residuals more normally, which 
subsequently required back-transformation that added 
back-transformation bias when applying models; RF had 
the advantage of not requiring transformation. We therefore 
chose to use RF for modeling and mapping. All three predictor 
variables (occupied voxel density, porosity, and height) were 
significant and important in both linear and RF models. 

Predicted biomass and consumption maps 

Predicted pre- and post-fire biomass 0–2 m aboveground 
averaged 793 and 296 g m−2, respectively, when mapped 
across the three PHP burn units (Table 3, Fig. 4). Mapped 
biomass consumption averaged 497 g m−2 (63%). At Fort 
Jackson, pre- and post-fire biomass averaged 1270 and 
581 g m−2, respectively, and biomass consumption averaged 
689 g m−2 (67%). We were unable to compute complete 
biomass and biomass consumption map totals because 3% 
of the cells in pre-fire TLS-derived biomass maps contained 
‘no data’ values (Fig. 4). These ‘no data’ cells in pre-fire 
biomass maps were likely where biomass was present but 
not measured by TLS because of occlusion by other vegeta
tion. However, ‘no data’ cells in post-fire biomass maps where 
TLS sensed pre-fire biomass were assumed to be true zeros 
where biomass consumption was complete. Understory fuel 
consumption maps contained some impossible negative val
ues, where mapped post-fire fuels were greater than mapped 
pre-fire fuels, likely caused by TLS occlusion in pre-fire point 
clouds where pre-fire fuels were measured incompletely. 
Most impossible negative understory consumption values 
were near zero, with 95% of negative understory consumption 
estimates being <67 g m−2, and adding negative understory 
consumption estimates to surface consumption estimates resulted 
in no impossible negative consumption values 0–2 m above
ground. Thus, we concluded that TLS occlusion had an 
insignificant impact on overall (0–2 m aboveground) con
sumption estimates. 

Table 2. Predicted consumption and observed fuel water content (FWC) summarized by site and year.          

Site Year Surface fuel Understory fuel 

Mean (s.d.) 
biomass 

consumption 
(g m−2) 

Relative biomass 
consumption  

(%) A 

Mean (s.d.) 
fuel water 

content  
(%)A a 

Mean (s.d.) 
biomass 

consumption 
(g m−3) 

Relative biomass 
consumption  

(%) 

Mean (s.d.) 
fuel water 

content 
(%) A

Fort Jackson 2018 611 (281) 78 15 (10) 212 (183) 50 62 (11) 

Pebble Hill 2018 385 (132) 66 11 (4) 31 (45) 32 48 (13) 

Pebble Hill 2019 473 (199) 66 12 (4) 19 (37) 29 53 (7) 

Predicted consumption map statistics and observed fuel water content summarized by site and year. Surface indicates near-ground fuel 0–0.1 m aboveground 
(units of g m−2), as predicted using the approach of  Sánchez-López et al. (2023). Understory indicates fuel 0.1–2 m aboveground (units of g m−3), as predicted from 
terrestrial laser scanning (TLS) data and field observations. Fuel water content was measured from field collections. We excluded ‘no data’ cells when calculating 
means and standard deviations (s.d.). 
AFrom field observations.  

B. C. Bright et al. International Journal of Wildland Fire 34 (2025) WF24210 

8 



Like field observations, mapped surface (0–0.1 m above
ground) fuel density predictions were much higher than 
mapped understorey (0.1–2 m aboveground) fuel density 
predictions (Table 2); relative surface fuel consumption 
was also greater than relative understory fuel consumption. 
Higher fuel densities were predicted at Fort Jackson com
pared to Pebble Hill (Table 2). 

Relationship between LWIR- and laser-estimated 
biomass consumption 

We examined the relationship between LWIR-estimated 
biomass consumption and both (1) estimated understory 
(0.1–2 m aboveground) fuel consumption (Fig. 5a) and (2) 

total fuel consumption from summing understory and sur
face (0–2 m aboveground) consumption estimates (Fig. 5b). 
LWIR-estimated biomass consumption averaged 324 and 
1014 g m−2 at PHP and Fort Jackson, respectively. 

Understory fuel (0.1–2 m aboveground) consumption, 
derived from TLS point cloud data, was significantly corre
lated with LWIR-estimated consumption (R2 = 0.55, 
P = 0.003). However, LWIR imagery estimated much more 
consumption than TLS-based estimates when only understory 
fuel consumption was considered (Fig. 5a). This underesti
mation was expected, as field-observed biomass density 
was greatest near the surface (0–0.1 m aboveground), and 
surface biomass produced the greatest fire radiative energy 
(Fig. 6). 
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Fig. 3. Predicted versus observed biomass density using parametric linear modeling (Panel a) and non
parametric random forest (RF) modeling (Panel b). Terrestrial laser scanning (TLS) predictions of biomass were 
compared to field-observed biomass. Coefficient of determination (R2), root mean square error (RMSE), and 
mean bias error (MBE) values were calculated with 10-fold cross validation. The least-square fit equations for 
observed versus predicted models are given in red and shown with a red dashed line.   

Table 3. Summary of predicted biomass and consumption maps.        

Burn unit Year Mean (s.d.) pre-fire 
biomass (g m−2) 

Mean (s.d.) post-fire 
biomass (g m−2) 

Mean (s.d.) biomass 
consumption (g m−2) 

Mean biomass 
consumption (%)   

PHP1 2018 669 (213) 256 (86) 414 (143) 62 

PHP1 2019 651 (195) 243 (74) 408 (136) 63 

PHP2 2019 947 (344) 348 (122) 598 (228) 63 

PHP3 2019 903 (303) 337 (106) 566 (208) 63 

16D1 2018 1260 (383) 564 (296) 814 (259) 65 

16D5 2018 1160 (345) 525 (313) 753 (263) 65 

24A7 2018 1826 (417) 929 (208) 1131 (361) 62 

24B8 2018 833 (480) 306 (265) 691 (313) 83 

Predicted biomass and consumption (0–2 m aboveground) map statistics for each burn unit in Pebble Hill Plantation (PHP1, PHP2, PHP3) and Fort Jackson (16D1, 16D5, 
24A7, 24B8). We created maps by summing mapped surface (0–0.1 m aboveground) and understory (0.1–2 m aboveground) fuel estimates. We excluded ‘no data’ 
cells when calculating means and standard deviations (s.d.).  
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When ALS-derived consumption estimates were com
bined with TLS-based estimates to estimate total consumption 
0–2 m aboveground, the significant relationship between 
mapped consumption and LWIR-estimated consumption 
increased (R2 = 0.72, P = 0.0001). Moreover, the relationship 
became less biased (Fig. 5b) such that the best-fit regression 
line between LWIR- and laser-estimated consumption more 
closely matched the 1:1 line; the RMSE decreased from 540 
to 250 g m−2 and the absolute value of the mean bias error 
decreased from 418 to 107 g m−2. This improvement in the fit 

supported our hypothesis. The best-fit regression between 
laser- and LWIR-estimated consumption had a positive inter
cept of 266 g m−2 and a slope of 0.69, i.e. lasers tended to 
estimate greater consumption at lower values, whereas LWIR 
tended to estimate greater consumption at higher values 
(Fig. 5b). 

Discussion 

We compared two methodologies for estimating surface fuel 
consumption for a prescribed-burned longleaf pine woodland 
in Georgia, USA. Our lidar-based estimates of understory and 
surface fuel consumption were comparable to consumption 
estimated from LWIR imagery. This result indicates that point 
cloud-based methods can provide reasonable estimates of 
fuel consumption if calibrated using field measurements 
from that community type. These separate methods can 
complement and serve to validate one another where both 
point cloud data and LWIR imagery are available. 

We improved upon the methodology of Hudak et al. 
(2020) by (1) including the additional predictor variables of 
unoccupied volume (Rowell et al. 2020) and height above 
ground, which improved model performance and, more 
importantly, (2) estimating surface fuel consumption using 
the methodology of Sánchez-López et al. (2023). We relied 
upon the methodology of Sánchez-López et al. (2023) because, 
like Hudak et al. (2020) and Cova et al. (2023), we were unable 
to find meaningful relationships between point cloud metrics 
and measured fuel loads 0–0.1 m aboveground, and therefore 
did not attempt to predict and map fuel and fuel consumption 
in this near-ground height stratum using TLS. The approach of  
Sánchez-López et al. (2023), which was developed to map the 
spatial variability of leaf litter in fire-maintained southern pine 
woodlands, indirectly estimates litter fuels from tree crown 
foliar biomass characterized with ALS, tree litter deposition 
and decomposition rates, and time since last fire. Indirect 
approaches such as these account for the surface fuel originat
ing from overstory tree canopies (Chen et al. 2017; Blaydes 
et al. 2023; McDanold et al. 2023). 

One advantage of our indirect methodology, which 
makes use of remotely sensed data, over traditional meth
odologies that rely solely upon field observations, is that 
fuel can be mapped across remotely sensed data extents. 
Traditional methodologies for estimating consumption via 
field sampling alone are also challenged by the fact that 
destructive pre- and post-fire plots cannot be collocated; this 
is particularly problematic when fuel beds are highly varia
ble in space, which can result in impossible negative con
sumption estimates (Hudak et al. 2020). It should be noted, 
however, that field observations were a vital part of our 
methodology that were necessary for creating a statistical 
model predicting field-observed fuel from TLS point cloud 
data. Through differencing mapped pre- and post-fire fuel 
maps, we were able to estimate fuel consumption across 
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Fig. 4. Mapped estimates of pre-fire biomass (Panel a), post-fire 
biomass (Panel b) and biomass consumption (Panel c) for PHP burn 
units ‘PHP1’, ‘PHP2’, and ‘PHP3’ in 2019. Pre-fire and post-fire maps of 
0.1–2 m aboveground biomass were created by applying random forest 
(RF) models to terrestrial laser scanning (TLS) metric grids. These maps 
were added to surface biomass maps indirectly derived from airborne 
laser scanning (ALS) ( Sánchez-López et al. 2023) to map total biomass 
0–2 m aboveground. Consumption maps (summarized in  Table 3) were 
created by differencing pre- and post-fire biomass maps.  
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management units. However, mapped consumption esti
mates are only as reliable and consistent as the point 
cloud data that is used to predict them. Our mapped unders
tory fuel consumption was likely less than field-observed 
understory fuel consumption because of occlusion in pre-fire 
TLS point clouds, so that pre-fire biomass was measured 
incompletely via TLS across the burn units. Although this 
underestimation was likely insignificant when considered 
with surface fuel estimates, occlusion in TLS point clouds 
will continue to challenge understory biomass mapping 
efforts. One possible solution is the use of mobile scanning 
lidar systems, where the scanner moves around, as opposed 
to being stationary on tripods. Another possible solution is 
spatial interpolating between adjacent observations to fill in 
the point cloud data voids, although this unnaturally 
smooths the fuel distribution. Close-range photogrammetry, 
in which point clouds are derived from images taken from 
various vantages, has also shown promise for accurately 
representing understory vegetation (Cova et al. 2023). 
Although occlusion can still occur with this approach, 
using images taken from multiple view angles to construct 
point clouds might minimize occlusion. 

Another possible advantage of the point cloud approach, 
by virtue of the vertical measurement capability of lidar, is 
the ability to differentiate surface consumption and unders
tory fuel consumption, so that the relative contribution of 
each fuel component could be measured. We found that 
the summation of surface (0–0.1 m aboveground) and 
understory (0.1–2 m aboveground) fuel consumption most 

LWIR-estimated consumption (g m–2)

0.1–2 m aboveground 0–2 m aboveground

La
se

r-
es

tim
at

ed
 c

on
su

m
pt

io
n 

(g
 m

–2
)

0

0

500

500

1000

1000

1500

1500

2000

2000

(a)

LWIR-estimated consumption (g m–2)

La
se

r-
es

tim
at

ed
 c

on
su

m
pt

io
n 

(g
 m

–2
)

0

0

500

500

1000

1000

1500

1500

2000

2000

(b)

R2 = 0.55, P = 0.003

Fort Jackson
Pebble Hill

y = 0.23x – 14
R2 = 0.72, P = 0.001
y = 0.69x + 266

Fig. 5. Laser- versus long-wave infrared (LWIR)-derived estimates of biomass consumption at 14 locations 
within burn units where fire radiative energy density (FRED) was measured via LWIR imagery. Laser-estimated 
consumption was significantly and positively related to LWIR-estimated consumption. When only TLS-based 
understory fuel consumption (0.1–2 m aboveground, Panel a) was considered, laser-based estimates greatly 
underestimated consumption. The inclusion of ALS-based consumption of surface biomass (0–0.1 m above
ground) strengthened the relationship between laser-estimated consumption and LWIR-estimated consumption. 
The black line represents the 1:1 relationship, and the dashed black line represents the linear regression between 
laser-estimated consumption and LWIR-estimated consumption.   
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Fig. 6. A pre-fire true-color image (a) and a fire radiative energy 
density (FRED) image (b) of the same extent of a long-wave infrared 
plot at Fort Jackson. Blue circles highlight where shrubs coincided 
with areas of relatively lower FRED. More fire radiative energy was 
observed coming from surface fuels between shrubs.  
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significantly and positively correlated with LWIR-estimated 
consumption, which strongly supports our hypothesis. The 
greatest biomass, and therefore biomass consumption, was 
observed and predicted in the surface stratum 0–0.1 m 
aboveground, confirming the importance of this near 
ground fuel strata to fire behavior and effects in this eco
system. O’Brien et al. (2016) likewise found that canopy- 
derived fuels in the surface fuel bed, especially pinecones, 
contributed more to fire radiative energy compared to non- 
canopy-derived fuels, (e.g. grass, forb and shrub fuels), 
which is largely what our maps of the 0.1–2 m height strata 
represented. This relative high importance of the near 
ground fuel stratum is likely also true for other forest ecosys
tems characterized by frequent low-severity fires; more studies 
are needed to see how this importance might vary for different 
ecosystems and fire regimes. Our findings suggest that future 
fuel consumption estimation methods should account for 
consumption in the near-ground stratum, and methods that 
can better measure consumption within this near-ground stra
tum would be useful contributions. We acknowledge that the 
coarser horizontal spatial resolution of the near-ground stra
tum derived from ALS would degrade the spatial precision of 
the understory fuel stratum derived from TLS, upon merging of 
the two strata into a combined consumption map. 

Vertical separation of consumption by fuel component by 
the direct, LWIR method is less clear. FRED estimates pro
vide no vertical resolution (Fig. 6), but temporally parsing 
the LWIR observations from which FRED is temporally inte
grated could allow for some differentiation, for instance 
when the surface fuel bed combusts moments before the 
understory shrub layer above it. We could not temporally 
differentiate surface vs shrub consumption with these burns 
because they were observed to burn nearly simultaneously, 
but such an approach might be more feasible in crown fires, 
where more time can elapse between surface and canopy 
fuel ignition. 

The close-range LWIR imagery that we used here was not 
subject to many of the limitations described in literature for 
airborne and spaceborne LWIR imagery, which include sen
sor view angle, atmospheric absorption and undersampling 
(Dickinson et al. 2015; Hudak et al. 2016a). Nevertheless, 
our close-range LWIR imagery technique was limited to small 
spatial extents and was likely affected by some degree of 
occlusion, like most forms of remote sensing. Techniques 
estimating consumption from LWIR imagery depend upon 
the strong relationship between fire radiative energy and 
fuel consumed. This relationship likely varies by fuel type 
and condition, as evidenced by the different equations of  
Wooster et al. (2005), Freeborn et al. (2008), Smith et al. 
(2013) and Hudak et al. (2016a). More studies conducted for 
a variety of fuel types and spatial scales would result in fire 
radiative energy to consumption equations specific to those 
situations. 

It should be noted that the litter maps of Sánchez-López 
et al. (2023) were originally generated at a lower spatial 

resolution (5 m) compared to the LWIR and the TLS-derived 
grids (0.5 m) used in this study. As a result, some variability 
in the distribution of the surface fuel on the forest floor, 
which can vary at sub-meter spatial scales in these ecosys
tems (Hiers et al. 2009), might not have been captured. 
Better accounting for this likely spatial variability in surface 
fuel would possibly have resulted in even stronger agree
ment between laser- and LWIR-estimated consumption, but 
such accounting was limited in our study by the coarser 
horizontal resolution of the airborne laser data from which 
the surface fuel layer was derived. The methodology of  
Sánchez-López et al. (2023) could potentially be adjusted 
to map surface fuel inputs at higher spatial resolutions so 
that the spatial variability of surface fuel combustion is 
more precisely characterized. In other words, the surface 
fuel estimates derived from ALS by Sánchez-López et al. 
(2023) could in theory also be derived from TLS data col
lected across smaller spatial domains, such as the burn units 
considered in this study. However, the occlusion problem 
already described discouraged us from pursuing that 
approach in this study. 

Fig. 6 suggests that canopy-derived surface fuels and 
associated fuel consumption is greater between shrubs 
than beneath them. In addition, or alternatively, percentage 
consumption of surface fuels was likely greater in the gaps 
between shrubs than beneath the shrubs themselves, which 
serve to break the continuity of the surface fuel bed (by 
locally outcompeting grass), and consequently the fire 
spread. This begs the question of how shrub density is related 
to tree canopy cover. Other studies at Ft. Jackson (Herzog 
et al. 2022) and a longleaf pine-wiregrass community near 
PHP (Mugnani et al. 2019) found no relationship between 
shrub density or biomass and tree canopy cover, likely 
because of a general lack of shade in longleaf pine communi
ties and low variance in light levels in response to canopy 
cover (Brockway and Outcalt 1998). Nevertheless, variation 
in canopy cover and shade might still be important in deter
mining overall productivity of sites (McGuire et al. 2001). 

Accounting for the energy required to vaporize water 
from fuel can result in less biased estimates of fuel consump
tion via LWIR imagery (Smith et al. 2013). Hence, we first 
attempted to account for fuel moisture in LWIR consump
tion estimates via the equation of Smith et al. (2013). 
However, we were unable to use this equation because it 
was not valid for the higher FWCs >14% that we observed. 
We therefore ignored the effect of fuel moisture when con
verting fire radiative energy to consumption via the equa
tion of Hudak et al. (2016a). Factoring in high understory 
fuel FWC would have had the effect of increasing LWIR 
consumption estimates, thereby decreasing the bias we 
observed when comparing laser- and LWIR-estimated fuel 
consumption (Fig. 5b). The bias should be proportional to 
the FWC, but high FWC also prevents consumption, as evi
denced by scorched but unconsumed live shrubs, especially 
following growing season burns (Fig. 6). Fig. 6 reinforces 
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this by illustrating that surface fuel consumption exceeded 
understory shrub fuel consumption. There were growing 
season burns of live, green shrubs, which would absorb a 
lot of heat to vaporize the water content, thus reducing 
FRED relative to the much drier surface fuels. More work 
quantifying the effect of higher FWCs (>14%) on fire radi
ative energy release across a greater variety of live and dead 
fuels is needed. 

The prescribed burn experimental designs at Pebble Hill 
and Ft. Jackson were very similar and thus highly compati
ble for this study. The burn units within each study area 
were by design replicate burns, so fuels variation between 
the two study areas exceeds the variation within each study 
area (Fig. 5). It would be advantageous for future research 
to compare indirect, lidar-based consumption estimates to 
direct, FRED-based consumption estimates across a greater 
range of fuel types than just the two considered in this 
study. In theory, consumption estimates by the two indepen
dent methods should align across all ecosystems, so where 
the alternative methods do not align can provide insights on 
potential shortcomings of either method, and stimulate 
ideas for methodological improvements. 

Conclusions 

This study builds on previous applications of TLS point 
cloud data for estimating understory fuels at fine scales. 
Because we were unable to directly estimate near-ground 
surface fuels from TLS reliably, we developed a methodol
ogy for combining TLS estimates of understory fuels with 
estimates of surface fuels indirectly predicted from ALS. We 
then examined the relationship fuel consumption estimated 
from point cloud data and that estimated using the more 
established LWIR method. Including indirect surface fuel 
estimates from ALS data substantially strengthened the rela
tionship between independent LWIR consumption estimates, 
confirming the theory and strongly suggesting that the com
bined understory and surface fuel estimate was closer to the 
true total fuel load that combusted. Our analysis confirms 
that surface fuels largely derived from the overstory can be 
most important to fire behavior in the frequently burned 
pine woodlands of the southeastern United States and high
lights the need for more work examining how LWIR imagery 
relates to consumed fuel in a variety of burning conditions. 
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